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ABSTRACT
The current Cone Penetration Test (CPT) soil engineering classifications have two kinds 
of uncertainties: randomness and fuzziness. Research indicates that possible solutions 
to these uncertainties can only be worked out through modeling them. Therefore, a 
systematic investigation is performed and some preparative tasks are done in advance. 
First, an efficient soil classification index, U, is defined and several CPT soil 
classification charts are simplified accordingly. Second, a moving window approach 
based upon an Intraclass Correlation Coefficient (ICC) to determine normal soil 
behavior units is adopted so that a correlation between soil types and soil behavior units 
can be established. Based upon these approaches, a preliminary data reduction is 
performed on the raw CPT data from eight sites, and the characteristics and distributions 
of the soil behavior units are determined and discussed for seven soil types.
Two statistical criteria, Region Estimation and Point Estimation, based upon distributions 
of soil behavior units are then developed to predict soil type using CPT data. Also, a 
fuzzy subset approach is suggested to handle the fuzziness and randomness. In this 
CPT fuzzy soil engineering classification, a new naming system is used. The 
randomness of CPT soil engineering classification is put into the conceptual framework 
of three new soil types. The fuzziness is then described by fuzzy membership functions. 
These functions are derived from the modification of the density functions of 
corresponding compositional soil groups.
xiv
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Finally, a new package of CPT soil engineering classification is suggested. It consists 
of following procedures:
1). Transform a CPT sounding profile of parameters (tip resistance, qc, and friction 
ratio, FR) by conformal mapping to a corresponding profile of soil classification 
index, U;
2). Layer the U profile by ICC moving window method and calculate the mean of 
U values for each layer to determine the soil behavior unit;
3). Predict the soil type cf each layer by matching the soil behavior unit of that layer 
with the classification criteria suggested in this study.
Several sets of CPT soil engineering classification criteria are recommended in this 
dissertation. They are the indicators of an evolution process from the purely empirical 
to the purely theoretical.
Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.
INTRODUCTION
The identification and classification of in-situ soil types have become one of the primary 
applications of Cone Penetrometer Test (CPT). Since 1965, when first soil classifica­
tion chart based on the results of Begemann mechanical friction cone came to the 
literature, this topic has been kept as one of the concentrated areas for research. Some 
reasons are
This technology has been considered as ideally suited for use in site 
investigations and profiling;
The knowledge of soil types, such as sand, clay, etc, helps the interpretation of 
cone data on the corresponding soil engineering properties;
No soil sample is available from CPT for visual and laboratory inspection; 
The ample information and knowledge on soil engineering properties and 
behaviors have been accumulated in terms of existing soil classifications of 
compositional type, such as the Unified Soil Classification System (USCS).
However, most importantly, the prediction of soil types by current soil classification 
charts of this technology sometimes do not match the real situation of in-situ soils well, 
although in recent years these charts have been adapted and improved substantially from 
an expanded database. It is believed that all the charts to date can not be expected to 
provide accurate prediction of soil types from a compositional classification, but only 
a guide to a soil classification of behavior type (Douglas & Olsen, 1981; Cam panella
1
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2
& Robertson, 1988). Then, what is a soil classification of behavior type? What is its 
nature? What are its differences and relations with conventional soil classifications of 
compositional type? The answers to these questions wili help us to get the insight to 
CPT soil engineering classification and to correctly interpret and use the soil 
classification data from cone penetration technology. Therefore, it is imperative to 
perform a systematic investigation on the problems behind those questions. Only based 
upon this kind of effort, could a feasible solution for the mis-prediction problem be 
found out. This dissertation has been motivated in such an attempt to explore the insight 
to the general soil engineering classification problem. The outcomes of this systematic 
research are expected to provide a sound foundation for a possible CPT soil engineering 
classification to suggest.
The results of this investigation will be arranged and presented from both theoretical and 
practical points of views. Such an arrangement will also reflect the technical route of 
this research to follow. There are three parts in this dissertation. The first part (Chapter 
1 and 2) will discuss the problems of soil classification indices and soil stratigraphy. 
These two issues are closely related in that they are the two basic aspects to distinguish 
in-situ soils based upon same sets of cone testing data. They are important since their 
solutions will consist of the fundamental steps in a possible CPT soil engineering 
classification. An efficient soil classification index, instead of a current two- 
dimensional-chart format of a CPT soil classification, not only is easy to be 
implemented in a computer system but also will well preserve the advantage of
Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.
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continuously describing in-situ soil conditions. Such an index can also greatly reduce 
the difficulty and complexity of a possible theoretical analysis. Similarly, a proper 
procedure for in-situ soil stratigraphy will pave the way to find out the representative 
correlations between the composition and behavior of soils subject to cone penetration. 
Therefore, they are discussed first and together. Accordingly, several existing CPT and 
PCPT (Piezo-Cone Penetrometer Test) soil classification charts will be simplified. The 
results then will be checked by some in-situ testing data to show their validation. Due 
to the in-situ testing data available, most efforts in this research will be focused on CPT.
The second part (Chapter 3 and 4) of this dissertation will explore the reasons why CPT 
soil engineering classifications have an uncertainty of randomness. This uncertainty 
shows itself as the overlaps among different types of soils in current soil classification 
charts. Many causes will be found to account for this phenomenon. As pointed out 
before, this uncertainty can result in mis-prediction on soil types. In order to conquer 
such a problem, the possibility for a proper modelling of it will be studied. Some 
probable approaches to model the uncertainty will be fully developed and some in-situ 
cone testing data will be used to find the required parameters. The outcomes of those 
approaches and manipulations will naturally imply a conventional crisp soil classification 
system with some probabilistic statements for different soil types.
Apart from the uncertainty in random nature, there is an uncertainty of fuzziness in the 
problem of soil engineering classification. Due to the inherent shortfall existing in
Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.
4
conventional soil classification methodology, this uncertainty can not be reflected in 
current CPT soil classification Charts. The last part (Chapter 5) of this dissertation, 
therefore, will begin with discussing the potential use of the theory of fuzzy subset 
Theoretically, the fuzzy subset approach will provide us with a powerful tool to describe 
the general characteristics of soil types. Consequently, an ideal soil classification should 
take a fuzzy subset system as its carrier. However, how to implement this idea is an 
issue needed to be fully investigated.
In general, a CPT soil Classification problem has its own specific features. The proper 
combination of the principle of fuzzy subset theory with those specific features is then 
the key for a successful application of the fuzzy subset theory in this soil classification 
problem. Such a combination can be achieved only when these specific features are 
fully understood. Therefore, a detailed discussion on several important characteristics 
of a CPT soil classification problem will be performed. Based upon such an analysis 
and the basic fuzzy subset theory, a temporary frame of CPT fuzzy soil engineering 
classification will be suggested. Such a frame can be fully expanded and evolved to a 
mature CPT fuzzy soil engineering classification in the future.
Finally also in this part, a new package of CPT soil engineering classification based 
upon the cone tip resistance qc and friction ratio FR will be suggested and discussed as 
a summary of the all analysis results obtained in this research.
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CHAPTER 1 
SIMPLIFICATION OF EXISTING CPT OR PCPT SOIL 
CLASSIFICATION CHARTS
1.1. Introduction
Cone penetration technology has the outstanding advantage of providing continuous 
measurements of engineering behaviors of in-situ soils. These measurements include 
cone tip resistance qc and cone friction resistance fs for CPT or qc, fs and pore pressure 
u for PCPT. A total and comprehensive understanding of site conditions can be 
achieved quickly if these continuous sounding data are manipulated properly. 
Unfortunately, this advantage of continuous and visual description of site conditions is 
not well preserved in the analysis results of site stratigraphy due to the format of CPT 
or PCPT soil classification charts currently available. It is known that cone test data 
are mainly controlled by soil composition and environmental factors (Douglas and 
Olsen, 1981), supposed test equipments and procedures are same. However, current 
charts have failed to define explicitly the corresponding soil classification and soil in-situ 
state indices which will greatly improve the efficiency of presenting the analysis results 
of cones. Therefore, the continuous description of soil conditions along the depth 
becomes difficult to achieve and the loss of this advantage will eventually prevent users 
from getting a productive and complete site picture.
5
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This situation also has the potential to obstruct the further development of this 
technology. The state of art in this technology has shown that the raw data (qc, fs, and
u) provided by CPT or PCPT are really not independent from each other in most cases. 
As mentioned before, people realize that three fundamental factors (equipment and 
procedure, soil composition, and environmental factors) will control these basic or raw 
measurements (Douglas and Olsen, 1981). Supposing a rigorous standardization on test 
equipment and test procedure can be followed, the tip resistance qc, friction resistance 
fs and pore pressure u are still affected by both soil composition and environmental 
factors. So these basic measurements and their normalized results in some cases are 
really not good candidates to represent parameters on which correlations are established 
with either compositional and environmental factors or their corresponding engineering 
properties.
It is clear that there is a merit to find out two independent parameter indices used to 
represent those two fundamental factors (soil types and soil in-situ states), separately. 
As an initial effort, these indices can be determined according to current soil 
classification charts based upon the raw measurements of C PT or PCPT. If this attempt 
succeeds, these CPT or PCPT soil classification charts can be simplified. This chapter 
will present author's efforts in this issue followed by a brief discussion of the results 
obtained.
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1.2. O bservation of Two Tendencies in Soil Classification C harts 
Following fact was found in current CPT soil classification charts. "All the charts are 
similar in that sandy soils generally have high cone bearing and low friction ratios 
whereas, clayey soils generally have low cone bearing and high friction ratios" 
(Cam panella & Robertson, 1988). If these charts are carefully studied furthermore, 
more than that can be concluded. There are two fundamental tendencies with almost 
orthogonal curve shapes in these charts irrespective of the format of abscissas and 
ordinates, as exhibited in Figure 1.1, 1.2 and 1.3. Soil type changes in one direction of 
the tendencies, and the in-situ state of soil (OCR, soil sensitivity) changes in the other 
direction. These two tendencies happen to be coincidental with two primary factors 
(components): soil composition and environment. This observation inspired the author 
to further explore the possibility of finding two independent indices which might 
represent the two primary components.
Following will be the procedures taken in this attempt. First of all, a curvilineal 
coordinate system will be established overlapping along the tendencies in each of the 
charts. Then, this curvilineal coordinate system will be transformed into a cartesian 
coordinate system by conformal mapping. As a result, two independent indices will be 
available, one of which can be defined as the soil classification index. The other is the 
soil in-situ state index.
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1.3. Conformal Mapping
Conformal mapping is a standard method originally used in potential theory to help 
solving boundary-value problems by transforming a given complicated region into a 
simpler one. A complex-valued function
w = f [z)  = u{x,y)  + i v { x , y ) , z  = x  + i y  (1 -1 )
gives a mapping of its domain with definition in the complex Z-plane onto its range of 
values in the complex W-plane. Usually, an analytic function (a function f(z) is said to 
be analytic at a point z = z0 if it can be represented by a power series in powers of z - 
z0 with radius of convergence R > 0) will be used due to its important mapping property 
of conformality.
Here, a mapping is said to be conformal, i.e., angle-preserving "if it preserves angles 
between oriented curves in magnitude as well as in sense, that is, if the images of any 
two intersecting oriented curves, taken with their corresponding orientation, make the 
same angle of intersection as the curves, both in magnitude and direction. Here the 
angle between two oriented curves is defined to be the angle a  (0 < a  < k) between 
their oriented tangents at the point of intersection" (Kreyszig, 1988), as Figure 1.4 
shows. This property is important in our case since the relative position of any part in 
a soil classification chart will not be changed in a resulting w plane after a conformal 
transformation if this chart is treated as a z plane. The orthogonality, if it exists between 
any two curves in the z plane, will be preserved in the w plane, too. Consequently, the 
transformed new chart can be expected to have the properties the same as the original
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chart, i.e., being composed of two soil indices. One represents soil composition. The 
other reflects the in-situ state of soils.
Following are two quoted theorems from the conformal mapping theory, which provide 
the tools used later (Kreyszig, 1988).
Theorem 1: Every linear fractional transformation (1.1) maps the totality of circles
and straight lines in the Z-plane onto the totality of circles and straight 
lines in the W-plane.
Theorem 2: Three given distinct points zlt z,, z3 can always be mapped onto three
prescribed distinct points w,, w,, w3 by one, and only one, linear 
fractional transformation w = f(z). This mapping is given implicitly by 
the equation
W  ~  W1 W2 ~  W2 _  Z ~ Z 1 Z 2 ~  Z 3
w- wz w2- w1 z -  z 3 z 2- z 2 ( 1 . 2 )
A conformal transformation w = f(z) is determined as the result of applying these 
theorems to our case. This function is assumed to satisfy the following three pairs of 
corresponding points on a Z plane and the corresponding W plane:
z, = 0.63 + i, Zi = 1.34, z3 = 3 - 0.73 i
Wj = -5, w, = 0, w3 = 5
The choice of these z and w values is the result of a "trial and error" procedure due to 
the empirical nature of this approach. The only guideline here is that the result obtained
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can serve our purpose. Substituting all these values into Equation (1.2) and simplifying 
i t , we get (the derivation can be found in Appendix A)
u = ( a xx  -  a 2y  + jq  ) ( c 2x  -  c 2y  + dx ) +
( c 2x  -  c 2y  + d2 ) 2 + ( c2x  + cxy  + ct, ) 2
+ ( a 2x  + a 2y  + Jb2 ) ( c2x  + c xy  + d , )
( q x  -  c 2y  + d2 ) 2 + ( c 2x  + c xy  + ) 2
v  = ( CjX -  c 2y  + d 1 ) ( a 2x  + a 2y  + d 2 )
( cxx  -  c2y  + dx ) 2 + ( c2x  + cxy  + cL, ) 2
( a^x - a2y  + bx ) ( c2x  + c xy  + c£> )
n . — i — — | 1 /  j
( cqx  -  c 2y  + d2 ) 2 + ( c2x  + c 2y  + <2, ) 2 
here, aj = -11.345, aj = -3.795, b, = 15.202, b, = 5.085,
c, = -0.269, c2 = -0.759, d! = -2.960, d2 = 2.477.
These formulas will be used as the basic conformal transformation tools in the 
subsequent research.
1.4. Transform ation of Soil Classification Charts
Literature review has shown that there are many soil engineering classification charts of 
cone technology (Schm ertm ann, 1978; Douglas & Olsen, 1981; Jones and  Rust, 
1982; Senneset and Janbu , 1984; Tumay 1985; Robertson et al, 1986; Olsen and 
Malone, 1988; Cam panella and  Robertson, 1988; Senneset et al, 1989; Robertson, 
1990; Cheng-hou et al, 1990). Among them are B. J. Douglas et al's chart (1981), R. 
S. Olsen et al's chart (1988), and P. K. Robertson's soil classification charts (1990), as
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shown before in Figure 1.1, 1.2, and 1.3. Olsen’s chart and Robertson's charts are most 
popular currently and Douglas’ chart is a good landmark to examine the improvement 
obtained by normalization. Therefore, they are to be taken as examples in this research 
to illustrate the conformal mapping approach.
As Figure 1.1 shows, there is no normalization adopted in Douglas' soil classification 
chart. The horizontal axis in that chart is the fraction ratio FR = f,/qc {%). The vertical 
axis is the tip resistance qc (tsf). The corresponding curvilineal coordinates, which 
reflect the changes of soil types and soil in-situ states, are shown in Figure 1.5.
In Olsen's chart as shown in Figure 1.2, the CPT data have been normalized with respect 
to effective vertical stress a 'v. The abscissa is the corrected friction ratio FR, = fsl/qcl 
= FR/(a'v)(l n) (%). Here, the corrected CPT sleeve friction resistance fsl, in terms of tsf, 
is equal to f Jc'v and n is the exponent value. The ordinate is the corrected cone tip 
resistance qcl = qc/( c ’v)n, also in terms of tsf. The corresponding curvilineal coordinates 
are shown in Figure 1.7.
There are two charts in Robertson's soil classification system, as presented in Figure 1.3. 
Chart (1) is based upon tip resistance qc and the friction resistance fs. Chart (2) is from 
tip resistance qc and pore pressure u. qc should first be corrected to a total cone 
resistance, qt, using the following expression:
q t = qc + {  1 - a ) u ( 1 .5 )
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where "u" is pore pressure measured between the cone tip and the friction sleeve and 
"a" is net area ratio. Then the vertical axes in both charts are in term of Q, = (qt - 
°voVa 'vo and the horizontal axis in chart (1) is FR = f/fq , - ctv0) 100% and the one in 
chart (2) is Bq= (u - u0)/(q, - c v0). Here, u0 is equilibrium pore pressure, a v0 is total 
overburden confining stress, and o '^  is effective confining stress. Figure 1.9 and 1.11 
show the corresponding curvilineal coordinates.
Several assumptions have to be taken here in order to make the conformal mapping 
approach more simple and meaningful. First, the changes of the soil composition and 
environmental factors can be represented by the two basic tendencies in these charts. 
This assumption is acceptable due to the fact we observed in all current soil 
classification charts of cone technology.
The second assumption is that the curves of the curvilineal coordinates in soil 
classification charts are supposed to be circle arcs so that the corresponding locus 
function of each circle arc, in terms of rectangular coordinates, can be easily determined 
by three pairs of rectangular coordinates. The most important benefit of this assumption 
is obvious here, i.e., the circle arcs can be easily transformed to straight lines by a linear 
fractional transformation provided by Equation 1.2.
The third assumption is that the interaction between soil composition and environmental 
factors is negligible. Thus, the soil composition and environmental factors can be
Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.
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treated as independent so that the curves of the curvilineal coordinates can be assumed 
to be orthogonal to each other. Consequently, the curvilineal coordinates can, under the 
second assumption, be easily transformed to a rectangular coordinate system. The 
validation of all these assumptions will be checked later by the results obtained.
Following are the results from a "trial and error" procedure, where the intermediate 
variable u and v are defined by Equation (1.3) and (1.4), separately. The complex plane 
Z in Douglas' chart has the following form:
x  = 0 . 1 5 3 9  FR + 0 . 8 8 7 0 1 o g g c -  3 . 3 5  ( 1 . 6 )
y  = - 0 . 2 9 5 7  FR + 0 . 4 6 1 7  l o g g c -  0 . 3 7  ( 1 . 7 )
here, FR is in % and qc is in tsf. The final index U = - u and V = v + 10. Figure 1.5 
is the soil classification chart (FR — log qc plane) with the curvilineal coordinates U and 
V. Figure 1.6 shows the corresponding U — V plane with the transformed Douglas' 
chart, including the boundary curves of the soil classification.
Similarly, suppose the complex plane in Olsen's chart has the following form:
z  = x  + i y  = l o g  FI?! + i  ( l o g g c:z + 1 . 6  ) ( 1 - 8 )
or
z  = ( l o g f SJ -  l o g gcl ) + i  ( l o g g CI + 1 . 6 )  ( 1 . 9 )







Figure  1.5 D o u g l a s  C h a r t  ( F R  log q c P l an e )
with Curvi l ineal  C o o r d i n a t e s  U a n d  V
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here, FR! is in % and qcl is in tsf. The final index U = - u and V = v. Figure 1.7 gives 
out the soil classification chart (log FR, — log qcl plane) with the curvilineal coordinates 
U and V. Figure 1.8 presents the corresponding U — V plane with the transformed 
Olsen’s chart, including the boundary curves of the soil classification.
For Robertson’s charts, the complex plane in chart (1) will take the form:
X = 0 . 7 0 0 9  ( l o g  F r  + 1) + 0 .7132  l o g  -  1 . 8 2  ( 1 .1 0 )
y  = - 0 . 7 1 3 2  ( l o g f ^  + 1) + 0 . 7 0 0 9 log£>t + 0 .9 7  ( 1 .1 1 )
Here FR is in % and Q, is in MPa. The final index U = -(u + 1) and V = v. Figure 1.9 
displays the soil classification chart (1) (log FR — log Q, plane) with the curvilineal 
coordinates U and V. Figure 1.10 shows the corresponding U — V plane with the 
transformed Robertson's chart (1), including the boundary curves of the soil 
classification.
The Z plane in chan (2) will be, for Bq > 0,
X = 0 .5 9 1 8 5 ^  + 0.93481og£?c -  1 .95 ( 1 . 12)
y  = - 1 . 5 5 8 0 B ff + 0 . 3551 log£>e + 1.62 (1 .13 )
and, for B. < 0,
x  = 0 .6 2 4 3 B ff + 0 . 9 2 7 2 1 o g 2 t -  3.1746  
y  = - 1 . 5 4 5 3 B ? + 0 .37461og£>t + 1.9
(1-14)
(1 .15 )





Figure 1.7 Olsen Chart (log F R i  log q c1) with
Curvilineal Coordinates U and V.







Figure. 1.8 U  V Plane with Transformed Olsen Chart.
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Figure 1.10 U  V Plane with Transformed
Robertson Chart (1 )
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The final index U = - u and V = v + 12. Its Bq — log Q, plane with the curvilineal 
coordinates U and V is shown in Figure 1.11 and the U — V plane with the transformed 
Robertson's chart (2) is exhibited in Figure 1.12, including the boundary curves of the 
soil classification. Obviously, the index U where Bq > 0 should be treated differently 
from the U where Bq < 0.
Since soil type, as already observed, changes along the U axis and soil in-situ state 
changes along the V axis in all these transformed charts, it is reasonable to use U to 
identify different types of soils and V to distinguish different in-situ states of soils. 
Therefore, U has been named as "soil classification index" and V has been called the 
"soil in-situ state index". However, whether this name is proper in the case of 
Robertson's chart (2) is not clear for the time being.
It is apparent from all these figures that the soil classification index U in each simplified 
(or transformed) soil classification system can be used as good as each corresponding 
original soil classification chart. This fact indicates that the assumptions made during 
the analysis are reasonable and acceptable since all the original classification charts are 
the culmination of experiences to the date. The biggest benefit of using these simplified 
soil classification systems is that the advantage of continuous and visual description of 
site situation in raw cone data is well preserved in the analysis results of site 
stratigraphy. Consequently, the efficiency of expressing the interpretation of cone data 
is greatly improved, as the example in Figure 1.13 and 1.14 shows. Figure 1.13 presents
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Figure 1.12 U  V Plane  with Transformed
Robertson Chart (2).
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a profile of raw C PT data (USGS Open-file Report No. 81-284, 1980). Figure 1.14 
displays the corresponding U and V profiles based upon the transformed Douglas' chart 
If appropriate soil classification criteria are given in Figure 1.14, the whole picture of 
in-situ soil types will be very clear.
1.5. V erification from  Some In-situ Data
CPT data from four sites have been used to check the two one-dimensional soil 
classification systems simplified from Douglas' chart and Olsen's chart, separately. Two 
sites of them are San Diego (9 CPT soundings) and Salinas (14 CPT soundings), 
California. The detailed description of them can be found in reference (USGS Open-file 
R eport No. 81-284,1980). The electric friction cone used in these tests is the Fugro 
tension type cone with a cylindrical friction sleeve of 150 cm2 surface area, capped with 
a 60-degree apex angle conical tip of 10 cm2 projected surface area. More detailed 
information on the data is available in the relevant reference. The other two sites, which 
are from personal resource, are two projects within the Theodore area in Alabama. The 
electric friction cone used in these tests is a 43.7 mm nominal diameter Fugro cone 
penetrometer (cross-sectional area of 15 cm2), with a friction sleeve area of 200 cm2 and 
a cone apex angle of 60°, being a substraction type. The soundings (6 and 9 separately) 
were performed using Louisiana State University Research Vehicle for Geotechnical 
Insitu Testing and Support (REVEGITS). The testing procedure was in general 
accordance with the procedure recommended by the ASTM. The corresponding boring 
profiles are provided by Southern Earth Science, Inc.
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Following linear regression analysis results from Lima and Tumay (1991) have been 
used in order to make all the data comparable to each other:
= " 0 .0 7 3  + 1. 055 Q'C( (15cro2) ( 1 - 1 6 )
XfA ioe»*) = 0 .8 1 2  + 0 .9  31J?f({15CT,2) ( 1 . 1 7 )
Here qc is in MN/m2 and Rf is friction ratio, FR. Consequently, the succeeding analysis 
will be based on the data from the cone with 10 cm2 cross-sectional area or the 
equivalent ones.
Since soil classification based upon CPT is a behavior type, how to describe the 
behavior of a soil type becomes an essential problem to solve. It appears that a concept 
of soil behavior unit in cone penetration is necessary so that soil behavior can be 
characterized in quantity. Only under such a condition, can a good correlation between 
soil types and soil behaviors be found out. It can be predicted that this behavior unit 
property should contain the information of not only the values of qc and fs but also the 
spatial distributions of them. The easiest way to implement this idea is to find soil 
layers with approximately constant qc and FR values or similar variations. This is 
because a layer in this context implies the spatial distribution.
Therefore, soil behavior units in cone penetration are empirically determined for the time 
being as follows. First, the top and bottom elevations of each soil layer are determined 
by examining given boring and sounding logs, sounding data being given more weight.
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Soil types are decided according to the boring logs. Second, if necessary, each layer of 
soils is further divided into sublayers of same soil type based upon the values of qc and 
FR or the variation patterns of them along the depth. Third, the average value of the 
soil classification index, U, is calculated for each layer according to the corresponding 
averages of qc and FR. This average U value is then taken as the soil behavior unit of 
the corresponding soil layer.
Table 1.1. Average Unit Weight for Different Soils
Soil Type Average Soil Unit Weight (tcf)
Ys Yd i
Sands & Gravels 0.06714 0.05933 0.03591
Silts & Clays 0.05464 0.03747 0.02342
Organic Silts
& Clays 0.04840 0.03122 0.01717
Table 1.2. Exponent Value n for Different Soils
Soil Type Gravel Sand Silt Clay
n 0.6 0.66 0.83 1.0
In order to get normalized soil behavior for each layer with respect to effective vertical 
stress in the way suggested by R.S. Olsen (1988), effective vertical stresses have to be 
calculated. Table 1.1 gives some average values of soil unit weight, which are modified 
after R. D. Holtz (1981), and is used whenever real data is not available. If this is the 
case, will empirically be taken as the unit weight for clay above the ground water
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level. Also, the exponent values (n) are modified after R.S. Olsen, as Table 1.2 shows. 
The names of soil types in this table indicate the basic material in a layer of soils. For 
example, both silty sand and clayey sand will take 0.66 as their n values. The 
justification for doing these might be questionable but can be checked through final 
analysis results. One plausible argument is that the eventual soil classification system 
should be statistical in nature so that the error caused by these simplifications might be 
insignificant.
The outcomes of treatments on the in-situ data are presented from Figure 1.15 to Figure 
1.24. The results in the former five charts are calculated according to the simplified 
Douglas' soil classification system which is based upon FR and log qc. The results in 
the latter five charts however are according to the simplified Olsen's soil classification 
system which is based upon log FR[ and log qcl.
Figure 1.15 is the scatter of soil types in the conformably mapped U — V plane. The 
U and V values here are layer based, i.e., they represent soil behavior units. This 
meaning will be used in subsequent sections in this chapter without explanation if no 
ambiguity occurs. It can be seen from Figure 1.15 that the data do not confirm 
Douglas' soil classification chart well, which reflects the non-normalized behavior of soil 
types. Douglas' chart is believed to be correct "only for a vertical effective stress of 1 
tsf (i.e., based on penetrations of 15 to 25 feet (5 to 8 meters))" (Olsen and  F arr, 
1988). The data used in this research is well out of this range, which can further be
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verified in Figure 1.17. Figure 1.16 shows the scatter relation between thicknesses of 
layers and soil classification index, U. It can be said from this figure that there is no 
dependence between thicknesses of layers and soil classification index, U.
Figure 1.17 is the scatter relation between depths of layers and soil classification index, 
U. It can be seen from this chart that for the same types of soil, the values of 
classification index, U, will generally increase as their depths of positions increase. This 
phenomenon is true for the data from the same testing sites. Therefore, this chart has 
confirmed the claim that qc and FR should be normalized with respect to the depth 
(equivalent to effective vertical stress) in order to get the normalized behavior of soils.
Figure 1.18 and Figure 1.19 are the scatters indicating the possible relations between 
relative STD (standard deviation) of tip resistance (RSTDTR) or friction ratio 
(RSTDFR) and soil classification index, U. Here, RSTDTR and RSTDFR are defined 
as (STD of qc)/(average of qc) and (STD of FR)/(average of FR), separately. All these 
quantities are layer based. Although the data from each individual site has shown some 
degrees of dependencies between RSTDTR and U or RSTDFR and U, these tendencies 
are not well defined and will disappear if all data are put together. Notice that the 
values of RSTDTR and RSTDFR are generally smaller than one (1), which reflects the 
error caused by the empirical layering procedure adopted in this chapter.
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Figure 1.18 Scatter Indicating the Relation between Relative STD of Tip
































*  a " * \  
A &
*  4
a  %  i
%  ^
^  *  A 




°  * 
°  « 
















'  A Oo *» 
A O ,
____ 1__
: . f . s
♦
_ ___ i____
(♦ o  °  
o «
o












































S ane  
Silt M







; m ) ;
ML);
I A
-  A  A
A  A  £  










A  * 
a .
'% * o f
♦
m o













4s. As. * 
-1__________





“  eft#  J
% • * > ;
> +W
*
__________I -  . .
P ' f e
o
o
1 • 1 *
- 2  - 1  0  1 2 3  4  5
Soil Classif icat ion Index U
7
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Figure 1.20 is the scatter of soil types in the transformed U — V plane calculated based 
upon log FR, and log qcl. The boundary values of different soil types in this figure are 
in general accordance with Olsen's soil classification chart. Other results from the 
similar data treatment, shown in Figure 1.21 and 1.22, have indicated that the soil 
classification index, U, of the simplified Olsen’s classification system is independent of 
thicknesses and depths of soil layers so that Olsen's soil classification chart is indeed 
based upon the normalized behavior of soils with respect to vertical confining stresses. 
Also, the error caused by the layering procedure used in this chapter is not very large, 
as shown in Figure 1.23 and 1.24. Here, the relative STDs of normalized tip resistance 
and friction ratio are layer based and defined as (STD of qCI)/(average of qcl) and (STD 
of FR,)/(average of FR,), separately.
One important fact should be noticed here. Different soil types do overlap with one 
another in these soil classification systems of soil-behavior type although only the data 
of four sites have been used in this analysis. It might be predicted that only a statistical 
certainty can be achieved in these systems. This topic will be thoroughly studied in 
Chapter 3.
1.6. Some Comments
The basic idea of this chapter was inspired by the observation on current CPT or PCPT 
soil classification charts available and this idea has been implemented through the 
conformal mapping theory in complex analysis. The mathematical tool can be
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successfully used in this issue so that satisfactory results can be obtained. This fact 
indicates that something more fundamental exists in the interpretation of current soil 
classification charts. Also, some geometrical meanings can be found for the soil 
classification index, U, and the soil in-situ state index, V. In the case of Olsen's chart, 
it can be proved mathematically that the U and V are two parameters, each of which 
controls a group of lotus functions of ellipses in log fsl — log qcl space. Specifically, 
they decide the sizes and positions of those ellipses in that space. Soils satisfying same 
lotus functions will have same U or V values. The sought correlations between soil 
behaviors and soil types or other properties can be explained geometrically as the 
correlations between these ellipses and soil types or other properties.
1.7. Sum m ary
It has been observed that there are two tendencies in most existing CPT or PCPT soil 
classification charts, where soil type changes in one direction and in-situ soil state 
changes in another. As the result of the research work presented in this chapter, all of 
these two-dimensional soil classification charts can be simplified into one-dimensional 
soil classification systems by a linear conformal mapping. Accordingly, Douglas et al's 
chart (1981), Olsen et al's chart (1988), and P. K. Robertson's charts (1990), as shown 
in Figure 1.1, 1.2, and 1.3, have been transformed into their corresponding U — V 
planes as shown in Figure 1.6, 1.8, 1.10, 1.12. Based upon these transformations, the 
corresponding one-dimensional soil classification systems can be established by the soil 
classification index U and the new systems are at least equivalent to the original ones.
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Furthermore, the generality of the simplifiability on current soil classification charts of 
cone reflects the fact that cone tip resistance qc and friction ratio FR are not fundamental 
parameters even if they are normalized with respect to some factors. Therefore, 
reorganizing these parameters to obtain a primary indicator of soil types should be an 
essential step to develop an efficient soil classification system. This can be implemented 
by a conform mapping. One benefit of this reorganization is that the advantage of 
continuous and visual description of site condition in raw cone data is well preserved 
in the analysis results of site stratigraphy. Consequently, the efficiency of expressing 
the interpretation of cone data is greatly improved. Also the dimension of resulting new 
classification systems is reduced so that a possible statistical modelling of the certainty 
in these new systems will be much simpler.
In order to further illustrate the validation of the simplification approach suggested here, 
some CPT data from four sites have been used to check the two new classification 
systems of CPT, as shown from Figure 1.15 to Figure 1.24. The outcomes confirm that 
the classification results from Douglas' chart will be affected by the depths of soils but 
the results from Olsen's chart are free from this kind of influence, i.e., based upon the 
normalized soil behavior. These figures further indicate that only a statistical certainty 
can hopefully be achieved in these classification systems so that further research efforts 
should be put in the direction of a statistical evaluation on them.
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One shortfall in this illustration procedure is that the implementation of the behavior unit 
concept is based upon a subjective process which is individual based and so is widely 
open to variation. In next chapter, this problem will be further discussed and an 
objective procedure of implementation based upon a statistic will be suggested.
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CHAPTER 2 
IDENTIFICATION OF SOIL STRATIGRAPHY
2.1. Introduction
The identification of soil layers and the classification of soil types are two basic aspects 
of determining soil in-situ stratigraphy when a conventional (crisp) soil classification 
system is used. The former is focused on the characteristics of spatial distribution of 
soil types. The latter then is interested in the characteristics of physical and engineering 
properties of soils. Approaches to these two aspects are closely related in general and 
this close relation becomes even stronger in the technology of interpreting cone testing 
data. The reason is that both of them rely on same set of cone testing data and so are 
intrinsically not independent from each other, as already shown in Chapter 1.
Theoretically, an identification of soil types over a sounding log will naturally result in 
a set of layers over the profile. However, the actual process of identification goes in an 
opposite way, i.e., identifies layers first and decides soil types second. This is true in 
the conventional technique of boring logs since, in this way, only a limited number of 
representative soil samples are needed to determine the corresponding soil types. 
Believed or not, it also has to be true in the interpretation of cone testing data. This 
chapter is dedicated to explain why the identification of soil layers should be done first 
in the process of interpreting cone data and how it can be accomplished reasonably. All 
the discussion will take CPT data as examples.
48
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2.2. In-Situ Soil Behavior Unit
Soil classification systems based upon cone testing data have been considered as soil 
behavior type since their classification indices are relied on soil responses to cone 
penetration. These responses are cone tip resistance q,. and friction resistance fs in CPT 
case, as already known in Figure 1.13. It has been noticed that only the values of qc and 
ft themselves are sometimes not enough to represent the normal behaviors of soils tested. 
The knowledge of their spatial distributions is also needed. Research works have 
already shown that different responses of qc for same type and state of soils were 
observed in chamber tests simply because of soil layering with different thicknesses 
(Schmertmann, 1978; Douglas et al, 1981; Robertson, 1984; Cam panella e t al, 
1988). Therefore, a concept of behavior unit is needed in order to describe the normal 
behaviors of soils subject to cone penetration in quantity. As already mentioned in 
Chapter 1, this behavior unit property should contain not only the information on the 
values of qc and fs, but also the information on the spatial distributions of them, i.e., the 
information of layering. Consequently, in the case of soil stratigraphy based upon cone 
testing data, determining soil layers still needs to be done first.
It is known from the layering experience obtained in Chapter 1 that as a fundamental 
step of a CPT soil engineering classification, a rational and objective layering procedure 
should be adopted to avoid possible human errors. A statistical method of layering, 
suggested by D. S. Wickremesinghe (1989), is a good candidate. In that method, a 
moving "window" with fixed width (Wd) is put over a given profile to analyze. The
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exposed portion of the data profile within the window is examined, with the central line, 
do, of the window being a potential boundary. The potential boundary line will divide 
the exposed data into two samples which are verified for distinctness. Larger the 
difference between the two samples and less the variation within each of them, 
better is the chance for the corresponding central line of the window to be a real 
boundary line. The measurement of this distinctness can be implemented by an 
Intraclass Correlation Coefficient (ICC), pi. The definition of this coefficient and the 
discussion of it will be presented in the next section. The conclusion given here is that 
larger the distinctness of the two data samples and less the variation of the data within 
each of them, larger the value of IC C  will be.
As the window moves along the given profile in steps equal to the sampling (or reading) 
spacing of the data, values of pi are calculated for the potential boundary lines at the 
central line, d0, of the moving window. All these values are then plotted against depth 
so that a set of most possible boundary lines of layers can be determined along the 
profile. Figure 2.1 presents an example of such a curve along the depth, where the 
corresponding U profile is also plotted. Naturally, a relatively high value of pi for an 
ICC peak at a depth will indicate a presence of a layer boundary at that location.
Two decisions have to be made before this layering process can be used in CPT case. 
First, choose a candidate profile to work with. Since layering is based upon the 
information of soil types, not in-situ states, a profile of soil classification index, U,
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should be used. In the terms of FR and log qc, as an example, the classification index, 
U, is determined by merging Equation (1.3), (1.6), (1.7), and U = -u, as shown in 
Equation (2.1), (2.2), and (2.3).
X  = 0 . 1 5 3 9  FR + 0 . 8 8 7 0  l o g  Qc -  3 . 3 5  ( 2 . 1 )
y  = - 0 . 2 9 5 7  FR + 0 . 4 6 1 7  l o g  qc -  0 . 3 7  ( 2 . 2 )
( a t x  -  a2y  + b 1 ) ( c 2x  - c 2y  + )
( c t x  - c zy  + d 2 ) 2 + ( c 2x  + c 2y  + d ,  ) 2
_ ( a 2x  + axy  + b 2 ) ( c 2x  + c ,  + d,  )
( CjX - c 2y  + d2 ) 2 + ( c 2j>c + c xy  + d2 ) 2
here, a, = -11.345, a, = -3.795, b, = 15.202, b2 = 5.085,
c, = -0.269, c2 = -0.759, d, = -2.960, d2 = 2.477.
Actually, Equation (2.1) and (2.2) are the same as Equation (1.6) and (1.7). Also, 
Equation (2.3) is the modification of Equation (1.3) by changing the sign. An instance 
of such a U profile with corresponding pi is already exhibited in Figure 2.1. This U 
profile is from Figure 1.14.
Second, select the width of the moving window Wd. Two aspects, the physical and the 
mathematical, should be taken into consideration. Research has shown that "for the 
standard 10 cm2 electric cone, the minimum stiff layer thickness to ensure full tip 
resistance is therefore between 36 cm to 72 cm. The tip may however, respond fully 
for soft layers considerably thinner than 36 cm in thickness" (Cam panella et al, 1988).
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Therefore, the Wd should conservatively take the value of 1.5 meter (m) so that the half 
of it will have the thickness of 0.75 m. The mathematical consideration is based upon 
the assumption that a wider window have a larger sample size. The effect of a sample 
size on ICC will be discussed in the next section, but as a conclusion here, the window 
width, Wd = 1.5 m, is a reasonable choice. The pi profile shown previously in Figure 
2.1 is calculated with Wd = 1.5 m. Several pi curves with different Wd values for the 
same U profile will be shown in Figure 2.2 in the next section.
Now, an in-situ soil behavior unit in CPT can be defined as follows:
1). Use the ICC moving window method to layer a profile of soil classification 
index U;
2). Find the mean of U values for each layer.
These mean values are taken as the in-situ behavior units of corresponding soil layers 
and all so-determined soil layers therefore have a property of statistical homogeneity in 
this sense.
2.3. Intraclass Correlation Coefficient (pi)
Given a moving window with the width of Wd over a candidate profile, there will be 
two samples, £2, and il ,,  on each side of the window central line, d0. Let p, and p2 be 
the means of the samples and Oj2 and c 22 be the variances with n; and n2 as the sample 
sizes, respectively. Here
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y; and zx are the data values in each of the samples. If ^  = n2 = n is assumed, a pooled 
combined variance, Yw2, can be defined as:
v-2 _ n  _2 , n 2 „  , ,
w  o -n -------i— 1 o-_------i ( 2 . 6 )2X2 -  1 2 i i  -  1
The between class variance Yb2 of these two samples with equal size, n, is the variance 
of the combined sample given by:
n
-r^ r  E  ! l  y‘ - 1* >2 * 1 )2) ( 2 - 7)
■ n  x 2 = 1
Here, p is the mean of all the y, and zx within the window. Now, the Intraclass 
Correlation Coefficient pi can be defined by
P1 = ~ f i —2 ( 2 . 8 )  
Yb + Yl
Some changes on Equation (2.8) are necessary before any discussion on the 
characteristics of the ICC. It can be proved that the between class variance Yb2 can also 
be written as (see Appendix B)
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•2 22 -  1 ( o f  + al)  +
b  2 2 2 - 1
Substituting Equation (2.6) and Equation (2.9) into Equation (2.8) and rearranging it, we 
get
It is clear from Equation (2.10) that the ICC is mainly controlled by the square of the 
difference of means between these two samples, (p , - p 2)2, and the sum of variances of 
them, a ,2 + c ,2. Larger the square of the mean difference and less the sum of the 
variances, larger the IC C  value (pi) is. This property corresponds well with the criteria 
we used when layering a C PT profile. In a case where the square of the mean 
difference is very large and the sum of the variances is very small, i.e., the ratio m = 
(p , - p2)2/(<V  + c 22) »  1, the pi will approach unity (1), which is the maximum value 
an ICC can take. On the other hand, if the ratio m is close to or even equal to zero, 
i.e., the difference between the two samples is not significant, the pi value will approach 
to (n - l)/(2n - 1), which is the minimum value an ICC can have.
The ICC is also influenced by the sample size n directly and indirectly. The direct 
influence is through the term (n-l)/n. Table 2.1 gives out some pi = f(m,n) values for 




2 2 - 1  + ( P i  ~ P 2 ) 2
12 2 ( a l  + al )
( 2 . 1 0 )
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samples and has an important impact on the values of pi. Wickremesinghe (1989) 
studied the sensitivity of window width (i.e. sample size n) and concluded that "the 
effect of a narrow window width (Wd) is the introduction of noise into the statistic under 
consideration. However, this would not affect the selection of layer boundary depths. 
In contrast, the choice of a wider window width could lead to the possibility of missing 
out possible layer boundaries."
Table 2.1. Intraclass Correlation Coefficient for Some n and m Values
Sample Size 
n
Intraclass Correlation Coefficient 
pi
m = 0 m = 1 m = 5 m = 10
5 0.444 0.643 0.853 0.915
10 0.474 0.655 0.855 0.916
15 0.483 0.659 0.856 0.916
20 0.487 0.661 0.856 0.916
25 0.490 0.662 0.856 0.916
30 0.491 0.663 0.856 0.916
35 0.493 0.663 0.856 0.916
40 0.493 0.664 0.856 0.916
On the other hand, as the result of normal distribution restriction on samples, he 
recommended that "windows widths of less than 1.0 m not be selected" (1989). 
Combining this consideration with the physical constraint discussed before, the selection 
of Wd = 1.5 m is a reasonable choice. In such a case, the direct influence of sample
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size, n, on pi is negligible as shown in Table 2.1 since n >= 15 if a reading is taken for 
every 5 cm or less. Figure 2.2 shows different pi curves along depths based upon 
different Wd. These curves correspond to the U profile in Figure 1.14 and have verified 
the conclusion made by Wickremesinghe.
2.4. Summary
The identification of soil layers and the classification of soil types look like two separate 
tasks in the traditional site investigation due to the characteristics of boring test 
technique although they are related intrinsically and closely. In such a case, the 
identification of soil layers should be done first and the classification of soil types done 
next. Unfortunately, this patten has little change in the interpretation of cone testing 
data for a site investigation due to the characteristics of cone penetration. These 
characteristics have made the concept of soil behavior unit imperative in a cone soil 
classification process. Such a concept has in fact reflected the average responses of soils 
to cone penetration over a layer and can be implemented with the help of the moving 
window approach where, a statistic profile of Intraclass Correlation Coefficient (ICC), 
pi, can be obtained. As a result, a set of soil layers over the U profile worked can be 
determined accordingly and each soil layer will have a property of statistical 
homogeneity. Therefore, soil behavior units for these soil layers can be decided, which 
will pave the way for establishing the correlation between soil behaviors and soil types.
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UNCERTAINTY IN CPT SOIL CLASSIFICATION
3.1. Introduction
Soil classification, considered the most confusing chapter in soil mechanics by A. 
Casagrande (1948), is still confusing now and then when new technologies are employed 
to develop some new tools for soil engineering classification. Advances in science and 
technology have made cone penetration one of the increasingly popular in-situ tests due 
to its distinctive advantages. This test often provides better speed and economy, more 
detailed, repeatable and precise data, and data better suited to many ordinary soil 
engineering design problems (Schmertmann, 1978). The widespread use of it in 
engineering has requested a soil engineering classification system based on it. 
Consequently, several soil classification charts of this kind have been suggested. Either 
cone tip resistance qc and friction ratio FR or their normalized forms have been used in 
these charts (Schm ertm ann, 1978; Douglas & Olsen, 1981; Tum ay 1985; Robertson 
et al, 1986; Olsen and Malone, 1988; Robertson, 1990). Also a recent adaptation has 
included pore water pressure as one of classification chart parameters with various 
definitions (Jones and Rust, 1982; Senneset and  Janbu , 1984; Cam panella and 
Robertson, 1988; Senneset et al, 1989; Robertson, 1990; Cheng-hou et al, 1990).
Although the up-date classification charts have been improved substantially with the 
increasing knowledge of this testing technology in recent years, the overlaps of different
59
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soil types are still found in them (Douglas & Olsen, 1981; L arson  & M itchell, 1986; 
Cam panella & Robertson, 1988). The partial reason for the unsuccessful effort to 
eliminate the overlaps is that they are inherent The certainty in all these charts can only 
be statistical in nature. It is obvious that an adequate understanding and discussion of 
this overlapping phenomenon will help us to appropriately use current CPT soil 
classifications and to develop a better one.
3.2. Statistical Bias in Soil Classification of Cone Technology
It has been believed that some of the most comprehensive recent work on soil 
classification using CPT data was presented by Douglas and Olsen (Robertson, 1990). 
According to their article published in 1981, USCS has been used as classification 
criteria to determine soil types in the process of developing a C PT Classification Chart 
(CPTCC). This approach has also been adopted by other investigators. Thus, a 
CPTCC is based upon a correlation between the behaviors of soils subject to cone 
penetration and the soil composition, and has inherited the same classification criteria 
used by USCS. This approach has the advantage of keeping the continuity and integrity 
of the whole soil classification system so that the accumulated experience related to 
USCS is still available to the users of the CPTCC. However, some uncertainties will 
be inherited or introduced, too.
USCS was originally developed by Professor A. Casagrande during World War II for 
use in airfield construction, on the basis of analyzing the existing experience and soil
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classification systems to that date. "It was modified in 1952 by Professor Casagrande, 
the U.S. Bureau of Reclamation, and the U.S. Army Corps of Engineers to make the 
system also applicable to dams, foundations, and other construction. The basis for the 
USCS is that coarse-grained soils can be classified according to their grain size 
distributions, whereas the engineering behavior of fine-grained soils is primarily related 
to their plasticity. In other words, soils in which 'fines' (silts and clays) do not affect 
the engineering performance are classified according to their grain size characteristics, 
and soils in which fines do control the engineering behavior are classified according to 
their plasticity characteristics" (Holtz, Kovacs, 1981).
It was emphasized by Casagrande (1948) that this system was not merely to classify the 
raw material of which soils were composed without regard to engineering properties of 
the material in its undisturbed state. Compositional factors and engineering properties 
of the material "must be considered as an integral part of the complete classification" 
(Casagrande, 1948). However, because of the complicated relations between them and 
also the comprehensive nature of soil classification which is based upon the experience 
of a long period of time, "an exact point of division is unimportant" (Casagrande, 1948) 
for some boundaries of the system. "It is intended that the classification of soils in 
accordance with this system have some degree of elasticity, and that the system not be 
followed blindly nor regarded as completely rigid" (W aterways Experim ent Station, 
Vicksburg, Mississippi, 1951). Therefore, USCS "is for qualitative application only" 
(ASTM Designation: D 2487-85), and "when quantitative information is required for
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detailed designs of important structures, this test method must be supplemented by 
laboratory tests or other quantitative data to determine performance characteristics under 
expected field conditions" (ASTM Designation: D 2487-85).
Two points can be obtained from this brief review of the USCS history. First, USCS 
is a well established soil engineering classification but the correct usage of it in a site 
investigation can not be guaranteed by a mechanical process of soil classification. Some 
expertise must be utilized in both the soil classification itself and the way to determine 
soil layers and to obtain soil samples. This expertise is individually based and open to 
a variation so that it is possible to have some disparity in soil classification results if 
they are from different sources.
Second, it is known that in a compositional soii classification, such as the USCS, soils 
are categorized according to their compositional characteristics and probable engineering 
behaviors. However, when the type of a soil sample is known, its engineering behavior 
can be predicted only in quality, not in a precise quantity. Any compositional soil 
classification will not eliminate the need for detailed soil investigations to quantitatively 
predict engineering properties of soils. This reflects the fact that the correlation between 
the soil composition and soil behaviors is only statistical in nature. Most correlations 
found between soil compositional factors and soil behavior properties were based upon 
average values and average behaviors. As a specific case, it is not surprising that the 
correlation between responses of soils subject to cone penetration and soil types has this
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pattern, too. Therefore, the overlapping in current CPT soil classification charts is 
unavoidable and the anticipation of soil types based on CPT will definitely have some 
uncertainty.
Apart from the uncertainty caused by using compositional criteria, systematic researches 
on cone penetration technology itself have already shown that the data from cone tests 
will be affected by many factors (Douglas & Olsen, 1981; Cam panella & Robertson, 
1988). Among them are equipment and procedure, soil composition, and environmental 
factors. These three primary components can simultaneously interact during a sounding 
(Douglas & Olsen, 1981). With the accumulation of knowledge on cone penetration 
technology, the importance of standardization on equipment and procedure of this test 
has been realized. Therefore, a standard international reference test procedure for cone 
penetration has been established (E. E. De Beer et al, 1988). It is now possible to 
maintain a rigorous standardization of cone penetration, which will make C PT data from 
different sources comparable. Nevertheless, the standardization can not eliminate the 
probabilistic variation of cone testing data due to the complex nature of the technique 
for testing.
Furthermore, on the condition that purely equipment- and procedure-related influences 
can be eliminated from concern by standardization, soil composition and environment 
factors and their interaction with a penetrometer are still in question. Their contribution 
to the measurements of cone penetration can only be qualitatively explained as follows.
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"Within coarse-grained materials an increased grain size, or well graded distribution, or 
angularity of particles all increase end bearing at low friction ratios. Fine-grained 
materials show lower end bearing at higher friction ratios with increasing plasticity. An 
increased end bearing at a given depth will result from an increase in strength-effective 
stress ra tio .... Increasing density causes an increase in end bearing, as does an increase 
in confining pressure, overconsolidation ratio, or coefficient of lateral pressure. The 
effect of these factors on sleeve resistance is not as well known" (Douglas & Olsen, 
1981). "The measured pore pressures are influenced by factors, such as, stress history, 
sensitivity and stiffness to strength ratio (G/Su)" (Cam panella & Robertson, 1988).
"Since theories to truly model the penetration process for all soils are still in the process 
of development, much disagreement still exists over the distribution of stresses around 
a penetrating cone" (Campanella & Robertson, 1988). Consequently the lack of 
theoretical analysis on results of cone penetration still exists. Also still, no clear 
theoretical explanation is available now for the relationship between soil types and soil 
behaviors exhibited during cone penetration. As a result, the interpretation of 
correlations between them is still fundamentally empirical. All these will bring some 
uncertainty into current CPT soil classification charts. Naturally, it has been stressed 
that "these charts are global in nature and should be used only as a guide to define soil 
behavior type" (Cam panella & Robertson, 1988).
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As a summary, it can be concluded that soil engineering classification based upon cone 
penetration technology has some uncertainty. Several reasons can be accounted for:
• The random nature of soils;
• The correct usage of USCS in a site investigation is based upon expertise which 
varies individually. If boring data are from different sources, it will be possible 
for them to have some disparity on soil classification results;
• Relations between compositional parameters and behavior measurements of soils 
are statistical or variational in nature;
• The test procedures of cone penetration technology are much more complicated 
than conventional laboratory classification index tests;
• The data from cone penetration are influenced by test equipments and 
procedures, soil compositions, and environments;
• The interpretation of the data from cone penetration is mainly based on an 
empirical approach.
Moreover, it is the advantages of cone penetration technology and "the outstanding 
disadvantages of not obtaining a soil sample for visual and lab inspection" 
(Schm ertm ann, 1978) that have urged us to generate a pertinent procedure to predict 
soil types. In other words, the choice of cone testing data as soil classification 
parameters is not fully because they are as good indicators on soil types as grain size 
and plasticity characteristics. The researching efforts on the selection of soil
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classification indices based upon cone testing data itself is the proof that this is not a 
solved problem.
It is apparent that the disadvantages of cone penetration technology has already 
prevented us to directly use USCS. It also prevents us from developing a soil 
classification system which, when used, will present some kind of uncertainty (i.e., some 
degree of elasticity) but will be supplemented by visual, lab inspection and personal 
experience. Therefore, as a step to compensate for the weaknesses of this technology, 
a statistical modelling of the uncertainty in C PT soil classifications will help engineers 
understand and properly use CPT soil classification data. This topic will be fully 
expanded in Chapter 4. As a preparation here, the next section in this chapter will 
discuss a preliminary data reduction on some in-situ testing data.
3.3. Characteristics of Soil In-situ Behavior Units
CPT data from eight (8) testing sites, as shown in Table 3.1, have been used to illustrate 
the uncertainty in the correlation between soil types and soil in-situ behavior units of 
C PT and to provide a data basis for a suggested statistical modeling on the uncertainty. 
For data from a cone with a cross-sectional area of 15 cm2, Equation (1.16) and (1.17) 
are used in order to get the equivalent data comparable with the ones from a cone with 
a cross-section area of 10 cm2. In order to make the CPT data from each site have an 
equal weight in a possible statistical analysis, only three (3) CPT sounding logs are 
chosen from each testing site. These selected CPT data are pre-treated in the ways
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Table 3.1. Brief Information about CPT Data Used




Cone Type Data Source
| San Diego 9 8 I Ref. 1
| Salinas 15 8 I Ref. 1
| Moss Landing 8 8 I Ref. 1
San Jose: 
Coyote South 11 4 I Ref. 1
San Jose: 
Coyote North 9 4 I Ref. 1
Alabama, 
Theodore S. 9 8 II Ref. 2
Alabama, 
Theodore N. 6 12 II Ref. 2
Louisiana,
South 18 18 II Ref. 3
Note:
Type I: A tension type cone from Fugro with a cylindrical friction sleeve of 150 
cm2 surface area, capped with a 60-degree apex angle conical tip of 10 
cm2 projected surface area.
Type II: A 43.7 mm nominal diameter Fugro cone penetrometer (cross-sectional 
area of 15 cm2), with a friction sleeve area of 200 cm2 and a cone apex 
angle of 60 degree, being a substraction type.
Ref. 1: USGS Open-File Report No. 81-284, 1980. "Evaluation of the Cone 
Penetrometer for Liquefaction Hazard Assessment", Prepared by Fugro, 
Inc..
Ref. 2: Data from Southern Earth Science Inc. and the Department of Civil 
Engineering, Louisiana State University.
Ref. 3: Data from Louisiana Transportation Research Center.
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suggested previously in Chapter 1 and 2 to obtain soil behavior units and the 
corresponding soil types are determined according to the corresponding boring log 
profiles.
The suggested preliminary data reduction consist of two steps. The first step is to 
reorganize parameters FR and log qc to obtain the corresponding profiles of the soil 
classification index U by using Equation (2.1), (2.2), and (2.3). The normalized soil 
classification parameters after Olsen (1988) are not used here due to their iterative 
nature. It is difficult to implement the iterative process to determine those parameters 
in a statistical analysis.
The second step is to use the method of ICC moving window suggested in Chapter 2 
to determine soil in-situ behavior units over those profiles of soil classification index U. 
The empirical procedure to layer a profile can be described as follows. First, the 
corresponding ICC profile of a U profile is determined and then the positions of all the 
peak values of pi in this ICC profile are checked out. If a peak value of pi in the ICC 
profile is equal to or larger than 0.7 (pi,*-* >= 0.7), a boundary line is supposed to exist 
at that peak location. Otherwise, that location will be skipped. This process of 
determining boundary lines proceeds from the top down to the bottom of the ICC 
profile, and can be called as the primary layering.
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Practice has already shown that only the primary layering will not give out satisfactory 
results of layering. The reason is that the primary layering sometimes will lead some 
profiles to have too many layers and others too few. Such a situation later will cause 
bias in a statistical analysis just because of the big differences of layer thicknesses. If 
a soil layer is too thin, it will not present the normal behavior of that soil type, but if 
a soil layer is too thick, a part of information contained in this layer will be wasted since 
it is treated only as one sample value in a statistical analysis.
Therefore, an empirical addition over the primary layering is taken as follows. When 
a boundary line is selected, the thickness of the layer made by this boundary line is 
checked. If the thickness is less than 1.5 feet (approximate 0.45 m), this boundary line 
will be discarded. On the other hand, if the thickness is larger than 7.5 feet (2.3 m), that 
layer should be further divided by seeking other peak ICC values ( < 0.7 ) within that 
layer, which is called secondary layering. In this way, some new sub-boundary lines 
will be inserted into that layer at corresponding positions. This process continues until 
all sublayers are larger than 1.5 feet (0.45 m) and less than 7.5 feet (2.3 m). No ICC 
value constraint is imposed on this later case (secondary layering).
Based upon the layering procedures discussed above, the selected CPT data from the 
eight (8) sites are manipulated accordingly. The resulting relative frequencies of layer 
thicknesses with or without thickness constraint are shown in Table 3.2 for the purpose 
of comparison. It can be seen from this table that the relative frequency of layer
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thicknesses with thickness constraint is closer to a normal distribution than the one 
without the constraint. It is expected that the bias caused by the big difference of soil 
layer thicknesses will subsequently be reduced when the thickness constraint is applied.







at or below 1.5 0.036 0.010
1.5 — 2.5 0.218 0.165
2.5 — 3.5 0.182 0.220
3.5 — 4.5 0.160 0.192
4.5 — 5.5 0.105 0.186
5.5 — 6.5 0.051 0.150
6.5 — 7.5 0.054 0.072
above 7.5 0.194 0.005
After the twenty four (24) CPT soundings from the eight (8) sites have been layered, 
the mean values of soil classification index U for these layers, known as soil in-situ 
behavior unit, are calculated. Their corresponding soil types are then determined 
according to the corresponding data of boring logs. Therefore, the basic results of the 
preliminary data reduction is a set of soil behavior units with corresponding soil type 
information. Based upon these results, a discussion on the characteristics of soil in-situ 
behavior units can be performed. All the results are plotted from Figure 3.1 to Figure
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3.4. The data of four soil types are presented in this figures. They are sand (SP), silty 
sand (SM), lean clay (CL), and fat clay (CH).
The most significant characteristic of the CPT in-situ soil behavior units is that different 
soil types can have same in-situ behavior (i.e., same U values). Consequently, some 
overlaps among adjacent soil types will occur in a resulting CPT soil classification. It 
is this kind of overlaps that is the uncertainty discussed previously in a CPT soil 
classification.
Some factors can be excluded from inducing these overlaps. Figure 3.1 shows the 
scatter distribution of the soil behavior units along the depth for each type of soil. It can 
be seen that the influence of depth on soil behavior units (also represented by U) can 
be neglected. One possible reason might be that for each type of soil, the variations 
of responses to cone penetration can be divided into two kinds: intra-site and inter-site. 
The data currently available have already shown that the intra-site variation of cone 
responses is affected by the depths of soil layer positions. However, it also appears true 
that the inter-site variation of cone responses takes a dominant role in the total variation 
of cone responses. Therefore, when the analysis results from eight (8) test sites are put 
together, the influence of depth can not be seen anymore.
Another possible reason might be that the influence of depth (or confining stress) on soil 
responses to cone penetration has been totally included in (or transformed into) the soil
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in-situ state index, V. As a result, the soil classification index, U, is independent of it. 
If this is true, a C PT soil classification based upon the soil classification index, U, 
should be applicable to C PT data from different sources (in-situ testing, laboratory 
testing). No matter which reason it might be, a normalization with respect to the depth 
of soil layers is not needed at all in this context. Therefore, it can be concluded that 
different confining stresses are not the reason that causes those overlaps in Figure 3.1.
Figure 3.2 shows the scatter distribution of layer thicknesses for each type of soils. This 
figure supplements the layering results in Table 2.1 and indicates that layer thicknesses 
will not cause those overlaps, too. Figure 3.3 and Figure 3.4 present the scatter 
distribution of relative STDs of tip resistance and friction ratio corresponding to soil 
behavior units, separately. The relative STD of tip resistance is defined as (STD of 
qc)/(average of qc) and the relative STD of friction ratio as (STD of FR)/(average of FR) 
for each soil layer. These two figures have visualized the meaning of a statistical 
homogeneity.
Figure 3.5 and Figure 3.6 are organized in order to make the general characteristics of 
CPT soil behaviors more understandable. They exhibit the relative frequencies of soil 
classification index, U, and soil in-situ state index, V, for each type of soils. The 
sample size of each soil type is also given in them. It should be emphasized here that 
the U and V values are layer based. It can be seen that the relative frequency 
distribution of soil classification index, U, is dependent on soil types, but this
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Figure 3 .2  Scatter Distribution between Soil Behavior Unit U




































- 3  - 2  - 1  0  1 2 3  4  5 6 7
Soil C lass ification  Index U
Figure 3 .3  Scatter Distribution between Soil Behavior Unit U






















A A  a
A
°  * i
A □  1
a  ^
Q(
A  a  t  
c
□  A  
HA c
a  a< 
*  8 °
if *+B







*  **f" 
Of* ^


















* *  $
•
o °  ° o  
O o

































■ 2 - 1 0  1 2 3 4













;s m ) :




















* ♦ * /* !  





















t i  
* 1*
, 1 . — „
S r^ r
V ’ # '
V * o
J i 1
Figure 3 .4  Scatter Distribution between Soil Behavior Unit U

















Soil Typo: CH; Sampla Size: n ■  U
Soil Typo: CL: Sample Size: n <• 77
Sod Typo: ML; Sample Size: n
Scale
- r0 .4
Soli Type: SC; Sample Size: n
■ - 0.2
Sod Type: SM; Sam ple Size: n
Soil Type: SP; Sample Size: n *  115
Soil Type: CP; Sample Size: n
- 3 - 2 - 1 0 21 3 4 5
Classi ficat ion Index U
Figure 3 .5  Relative Frequency of Soil Behavior  
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dependence is not defined very well due to the fact that overlaps exist In other words, 
the diagram in Figure 3.5 actually shows us two facts. Different soil types will in 
general have different behaviors, but they sometimes can also have similar ones. 
Current C PT soil classification charts are trying to make use of the first fact, but the 
second fact causes the overlap or uncertainty problem. On the other hand, the relative 
frequency distribution of soil in-situ state index, V, is clearly independent of soil types, 
which is what we expected.
Now, an empirical CPT soil classification reference can be obtained if it is assumed that 
the relative frequency distributions of U given in Figure 3.5 are independent of the soil 
sample size, n. The relative frequency distributions of U are rearranged as shown in 
Figure 3.7 and Figure 3.8. An outstanding characteristic of these two figures is that the 
boundaries between different soil groups are actually banded shapes with different 
widths. In other words, there are overlaps between adjacent soil groups with different 
degrees. As an approximation, the middle points of the boundary bands in Figure 3.7 
and 3.8 could be taken as the boundaries. In Figure 3.7, the boundary will be U = 1.25 
for soil type group I (ML, CL, CH) and soil type group II (SC, SM, SP). If other 
information, such as the width of the boundary band and the degree of the overlap, is 
considered, it can be said that sandy and clayey soils will be identified quite well by 
CPT data.
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However, if the soil types are grouped in the way shown in Figure 3.8, the boundary 
values can not be defined with confidence. It might take U = 0.5 as the boundary 
between group I (CL, CH) and group II (ML, SC), and U = 2.25 as the boundary 
between group II and group IE  (SM, SP). An important fact, that should be kept in 
mind, is that if these boundaries are used as criteria to classify soils, the results of the 
prediction will not be one hundred percent (100 %) correct due to these overlap bands 
between different soil groups. Obviously, this conclusion is also true for the cases 
where individual soil types are predicted. All the results obtained so far have indicated 
the overlaps among different types of soils. However, it is not enough to only know the 
existence of the uncertainty. The knowledge of the probabilities with which the overlaps 
will occur is more important. How to handle this problem will be the subject fully 
discussed in Chapter 4.
3.4. Summary
Soil classification systems of cone technology still have an uncertainty of randomness 
although they have been updated substantially by an increasing knowledge. The 
following reasons can be found for this phenomenon:
The nature of soils is random;
The correct usage of USCS in a site investigation is based upon expertise which 
varies individually. If boring data from different sources are used, it will be 
possible for them to have some disparity on soil classification results;
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Relations between compositional parameters and behavior measurements of soils 
are statistical or variational in nature;
The test procedures of cone penetration technology are much more complicated 
than conventional laboratory classification index tests;
Data from cone penetration are influenced by test equipments and procedures, 
soil compositions, and environments;
The interpretation of data from cone penetration is mainly based on an empirical 
approach.
Due to all these causes, it seems that a possible solution to the problem of uncertainty 
can only be worked out by a proper modeling of the uncertainty. Therefore, a 
preliminary data reduction is performed on the raw adopted CPT data from eight (8) 
testing sites according to the procedures suggested in Chapter 1 and 2 and a set of 
representative CPT soil behavior units with corresponding information of soil types is 
obtained. Based upon this intermediate result, an empirical correlation between soil 
types and soil CPT behavior units is established and a soil classification reference is 
suggested.
Two facts can be concluded from the analysis results obtained so far. In general, 
different types of soils have different behaviors, but sometimes they can also have 
similar ones, which again conform the uncertainty in the correlation between soil types 
and soil in-situ behaviors. Current CPT soil classification charts are trying to use the
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first fact, but the second one will cause the overlaps (uncertainty) in the charts. These 
overlaps are generally independent of depths and thicknesses of soil layers so that no 
corrections based upon them are necessary. This is one advantage of using the concept 
of soil behavior unit defined in this research. Furthermore, it is obviously not enough 
to only know the existence of the uncertainty. The knowledge of the probabilities with 
which the overlaps will occur is more important. How to determine these probabilities 
will be the subject fully discussed in Chapter 4.
As an extra point, soil classification criteria used to date are only good for compositional 
soil classification indices. Sticking to these classification criteria while developing a 
new soil engineering classification of cone technology will introduce or cause the 
uncertainty of randomness in the results of soil type predictions. The obstacle of this 
uncertainty can be avoided if a set of new independent classification criteria is adopted 
in a soil classification suggested. When such a new system is developed, the knowledge 
of the relations between the new and old soil classifications will be vital for users to 
have an access to both of them simultaneously. Obviously, it will be more desirable if 
the new soil classification includes such information.
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CHAPTER 4
STATISTICAL PREDICTIONS OF SOIL TYPES FROM CPT
4.1. Introduction
Evidences have already shown that soil type prediction based upon CPT can only give 
a statistical certainty. This certainty may be described by some statistical models and 
will take a format of soil type predictions along with corresponding probabilistic 
statements. This chapter will discuss these statistical models according to the basic 
principles of probabilistic theory and propose some critical values for them. These 
models will provide tools to determine the probabilities with which different types of 
soils fall in the overlap ranges of a CPT soil classification discussed previously. 
Therefore, the discussion in this chapter will help users to correctly interpret and use the 
soil classification information from cone test data.
4.2. Normal Distributions of U for Different Soil Types
Statistical predictions of soil types require a knowledge of probability distributions of 
soil classification index, U, for each type of soils. Here, the index U represents in-situ 
soil behavior units defined previously in this research and is treated as a random 
variable. A simple and intuitive assumption on the probability densities of this random 
variable U for each type of soils is that each of these density functions has a normal 
distribution form determined by two parameters: a mean p and a standard deviation c.
85
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This assumption is then checked by the in-situ soil behavior units of each soil type 
obtained previously in Chapter 3, as shown from Figure 4.1 to Figure 4.14.
Figure 4.1, 4.3, 4.5, 4.7, 4.9, 4.11, and 4.13 are normal probability plots, one for each 
type of soils. Each plot consists of an arithmetic horizontal axis and a vertical axis 
scaled so that the cumulative distribution functions of a normal distribution will plot as 
a straight line. All the Figures can help us graphically assess whether the in-situ soil 
behavior units observed for each type of soils could reasonably have come from a 
normal distribution. Also, a least squares regression line is given out in each plot for 
comparison.
Figure 4 .2 ,4 .4 ,4 .6 ,4 .8 ,4 .10 ,4 .12 , and 4.14 display the frequency histograms (i.e., the 
observed relative frequency) of different soil types with the correspondingly fitted 
distributions (i.e., the expected relative frequency) superimposed on them. Table 4.1 is 
the results of distribution fitting tests based upon a Chi-square test and a Kolmogorov- 
Smimov one-sample test. A blank entry in the table means the corresponding sample 
size is too small to perform the test.
The results of Chi-square test indicate that the soil samples from soil type SP and CL 
do follow the normal distributions with a quite high confidence, represented by a. 
However, the confidence for this claim is very low (a  = 0.0045) in this scale for the 
sample from soil type CH and the assumption has to be rejected for soil type SM. The
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Figure 4 .8  Frequency Histogram for Soil Type SC.
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Distri. mean S. D. Chi-Square Test K - S  Test
Est. D. F. S. L. Dplus Dmi S. L
GP 6 F, 2.97 0.824 0.116 0.174 0.993
SP 115 f 2 2.86 0.649 4.07 7 7.7E-1 0.035 0.065 0.708
SM 69 f 3 2.45 0.964 54.43 7 1.9E-9 0.167 0.173 0.032
SC 18 f 4 1.89 0.544 0.115 0.126 0.939
ML 17 f 5 0.85 0.472 0.141 0.097 0.889
CL 77 f 6 0.22 0.754 6.36 6 3.8E-1 0.066 0.053 0.887
CH 85 f 7 -0.55 0.861 23.90 9 4.5E-3 0.071 0.101 0.355
Note:
Distri: Distribution Function;
S. D.: Standard Deviation;
Est.: Estimate;
D.F.: Degree of Freedom;
S.L.: Significance Level;
Dplus: The maximum positive deviation of the empirical cumulative distribution 
over the hypothesized cumulative distribution function;
Dmi: The maximum negative deviation of the empirical cumulative distribution 
over the hypothesized cumulative distribution function.
K-S test results, as a more general scale of confidence, confirm the conclusions of Chi- 
square test. These results show that all the soil samples, except for the ones from SM 
and CH satisfy the normal distribution assumption with quite high confidence ( a  > 0.7). 
Still, the confidences for CH and SM samples are low or very low (a  = 0.35 and 0.03, 
separately). These numeric analysis results are visualized directly in the figures from 
4.1 to 4.14. It is not clear right now why CH and SM samples do not follow a normal 
distribution well. More C PT data are needed to examine and explain this phenomenon 
and to verify and validate the distributions of soil classification index, U, for other soil
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types. For the time being, the assumption of normal distribution is accepted with the 
significance level of 0.03 and then a prototype of C PT soil classification, which is better 
than none, could be worked out based upon these normal distributions. Figure 4.15 
exhibits all the normal density functions for the seven types of soils.
4.3. Region Estim ation
Region estimation is an approach similar to conventional soil classifications to classify 
soils. The predicted soil type for a given soil sample in this approach will depend on 
the regions of soil behavior units in which the corresponding in-situ behavior unit of the 
sample falls. The difference between the new and conventional ones is that each region 
of soil behavior units will correspond to not just one type of soils but several ones with 
different probabilities. It seems the new approach will make the soil classification 
complicated, but it is the real life. The basic philosophy of this new approach is to try 
to keep and present all original information on soil types as it is and to let users make 
their decisions of simplification.
The new approach is developed based upon the density functions determined previously 
for each type of soils. Also, the following assumptions are taken:
1). The sample density functions found previously in this chapter can be taken as the 
real density functions for corresponding soil types.
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2). All seven soil types shown in Table 4.1 are equally important when the 
determination of boundary points between adjacent soil types are considered and 
performed.
Consequently, boundary values for adjacent soil types, i, and, i+1, could be figured 
out by the conditions:
1 -  i )  = ( 4 - 1 )
here F; and are the cumulative distribution functions for soil type i and i+1 and i =
1, 2........ 6. It can be proved (see Appendix C) that the condition given by Equation
(4.1) will give
_ + ( 4 . 2 )
Table 4.2. Division of Seven Regions over U Axis
Regions Boundary Value UL •*, 1 - F, (U ,w )
R, and R, 2.91 0.471
R2 and R3 2.70 0.401
R3 and R4 2.01 0.354
R4 and R5 1.33 0.152
R5 and R* 0.61 0.306
R* and R7 -0.14 0.316
The resulting boundary values are calculated according to the values given in Table 4.1 
and shown in Table 4.2. These values will divide the axis of soil classification index,
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U, into seven regions: R1; R2, ... R7. Obviously, the sizes of these regions are different, 
which reflects one characteristic of those distribution functions. These regions together 
consist of the new CPT soil classification. The corresponding probabilities with which 
each region is related to different types of soils can be determined and explained as 
follows.
Table 4.3 gives out the probabilities with which soil type i falls into region j of the 
U axis. These q^ values are calculated by
Q i.i = F i ( U3.3-i ] " F i { ) <4 *3 >
Here i, j = 1, 2, ..., 7, Ult0 = -h*>, U8 7 = -°°, and
7
£  = 1 ( 4 *4)
J=1
Table 4.3. Probabilities with Which Each Type of Soil Falls in Each Region
Regions Ri R2 r 3 r 4 r 5 R* r 7
Distribu­
tion
Probability q;j over Regions
F, 0.5285 0.0991 0.2274 0.1214 0.0214 0.0021 0.0000
f 2 0.4715 0.1274 0.2821 0.1098 0.0090 0.0002 0.0000
f 3 0.3200 0.0811 0.2452 0.2323 0.0940 0.0238 0.0036
f 4 0.0308 0.0380 0.2848 0.4944 0.1428 0.0090 0.0001
f 5 0.0000 0.0000 0.0040 0.1478 0.5421 0.2873 0.0187
f 6 0.0002 0.0003 0.0060 0.0642 0.2353 0.3781 0.3159
f 7 0.0000 0.0000 0.0009 0.0134 0.0754 0.2261 0.6841
SubTotal 1.3510 0.3459 1.0504 1.1833 1.1200 0.9266 1.0224 |
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Table 4.4. Probability with Which Each Region Receives Each Type of Soil
Region Ri r 2 r 3 r4 r 5 Re r 7
Soil
Type
Probability pid over Regions
GP 0.3912 0.2865 0.2165 0.1026 0.0191 0.0023 0.0000
| SP 0.3490 0.3683 0.2686 0.0928 0.0080 0.0002 0.0000
SM 0.2369 0.2345 0.2334 0.1963 0.0839 0.0257 0.0035
SC 0.0229 0.1098 0.2711 0.4178 0.1275 0.0097 0.0001
ML 0.0000 0.0000 0.0038 0.1249 0.4840 0.3100 0.0183
CL 0.0000 0.0009 0.0057 0.0542 0.2100 0.4080 0.3090
CH 0.0000 0.0000 0.0009 0.0113 0.0675 0.2441 0.6691
Table 4.4 presents the probabilities p^ with which region j will receive soil type i and
2=1
here, i, j = 1, 2, 7, too. These values quantitatively describe the overlaps among
different types of soils. They indicate that a region can correspond to several types of 
soils with different probabilities. For example, region R; corresponds to soil GP with 
probability of 0.39, soil SP with 0.35, soil SM with 0.24, and soil SC with 0.02. Also, 
the degree of the overlaps in Table 4.4 can be reduced by grouping some types of soils, 
as shown in Table 4.5.
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Table 4.5. Simplified Results from Table 4.4
Region R. R, r3 r 4 r5 R* r7
Soil
Type
Probability ptJ over Regions
GP, SP, 
SM 0.9771 0.8893 0.7185 0.3971 0.1110 0.0282 0.0035
SC, ML
0.0229 0.1098 0.2749 0.5427 0.6115 0.3197 0.0184
CL, CH
0.0000 0.0009 0.0066 0.0655 0.2775 0.6521 0.9781
GP, SP, 
SM, SC 1.0000 0.9991 0.9896 0.8096 0.2358 0.0379 0.0036
ML, CL, 
CH 0.0000 0.0009 0.0104 0.1904 0.7615 0.9621 0.9964
Table 4.5 indicates that the sandy soils (GP, SP, SM) generally fall in Region 1, 2, and 
3, the silty soils (SC, MC) in Region 4 and 5, and the clayey soils (CL, CH) in Region 
6 and 7. If the silty soils are further divided and merged with the sandy and clayey 
soils, as shown at the bottom of Table 4.5, the boundary value between Region 4 and 
5 (U4 5 = 1.33, given in Table 4.2) can reasonably be taken as the dividing point. These 
results are consistent quite well with the ones from the empirical analysis performed 
previously in Chapter 3. The advantage here is that quantitative description on overlaps 
are also provided. Now, all the results for Region Estimation are summarized and 
visualized in Figure 4.16. The vertical relative lengths in this chart represent the values 
of the probabilities p^. If the CPT behavior unit of a soil sample is given, the 
corresponding soil type can be predicted accordingly.
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Figure 4 . 1 6  Region Estimation Chart for CPT Soil Classification.
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Region Estimation has a problem of over simplification on real situation. This is 
because in this approach different points of a region are supposed to have the exactly 
same statistical property so that they are treated in an exactly same way. Unfortunately, 
this assumption is not true in most cases since different points in a region will have 
different probabilities to correspond to (receive) different types of soils. In some cases, 
this kind of difference is quite large. Therefore, from a theoretical point of view, the 
accuracy provided by this approach is reduced to some extent. This problem will be 
solved by another method called "Point Estimation". In that new approach, every point 
along the U axis will be treated distinctively. Its details will be presented and discussed 
in the next section.
4.4. Point Estimation
Point Estimation is an approach to classify soils directly by probability. Each possible 
values of soil in-situ behavior unit, U, will be evaluated individually by this approach. 
The basic question it intends to answer is: given a specific value of U, what are the 
probabilities with which the corresponding soil sample belongs to different types of 
soils? The whole approach is based upon a probabilistic model of two dimensions, one 
of which is the continuous random variable of soil classification index, U, (representing 
soil in-situ behavior units). The other is a discrete random variable representing soil 
types. Both variables are defined in soil layers. The physical meaning of this 
probabilistic model can be understood by discussing a kind of imagined theoretical test 
first.
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Assume that there is a box containing balls with different colors. The number of colors 
is N and the number of balls is infinite for each color. Then, if a ball is taken out of 
the box, the probability p(color) for a specific color being selected is p(color) = 1/N.
Now consider another test. In addition to the above assumptions, suppose that a kind 
of quantity, x, can be measured from each ball and that this quantity is a continuous 
random variable which follows a different specific distribution for each color. Thus, if 
a ball is again taken out of that box and the corresponding x value is measured from that 
ball, the probability for a specific color being selected will be modified by the 
information of the x value. This is because different color balls will give this x value 
with different probabilities. Then, what will be the modification by this x value on the 
probability with which a ball with a specific color is selected or p(color | X=x) = ?
Obviously, this is a problem of two dimensional random variables, one dimension being 
the random variable, x, with continuous distribution and the other being the discrete 
random variable, color. The solution to this problem, according to the Multiplication 
Rule in Probability Theory, will be
P (  color\X=x  ) = p{ 1 X‘x  1 n  ( color  > ) ( 4 . 6 )
P { X=x )
Since X is a continuous random variable, P(X = x) = 0 exists. So the above equation 
has to be replaced by
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P ( c o i o r | x = X) -  L i m  P l ( x i X < x + M  C M c o l o D )  ( 4 . 7)  
Ax - 0  P  ( x z X < x + A x  )
This replacement is valid since the measurement of the random variable X can not be 
exact due to a possible measurement error.
Now, imagine that the big box is the earth and the countless balls are different soil 
layers. The continuous random variable X is the corresponding soil in-situ behavior unit 
represented by index U and the different colors stand for different types of soils we want 
to identify in a soil classification. Then, the previous analysis on the problem of 
statistically anticipating a ball color according to an X value can be applied here to 
statistically predict a soil type based on a single observation of soil in-situ behavior unit, 
U. That is
P { s o i l t y p e \ u = u )  -  L i m  P U u ^ U < u * A u ) r ) ( s o i l C y p e ) ) ( 4 . 8)
A u - 0  P{uzU<u+Au)
If the soil type is represented by a discrete numeric random variable SI, Equation (4.8) 
will be
P ( S I = s i \ U = u)  = L i m  p ( (uzU<u+A u ) fl_(S I = s i ) )  ( 4 . 9 )
A u- 0  P{uzU<u+Au)
here SI means Soil type Index and will take values of 1, 2 ,.. .  M. M is the number of
soil types in a concerned soil classification. Also, the uppercase of SI or U means a
variable and the lowercase is the value of that variable.
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Suppose that F(u, si) is the two dimensional probability distribution function of index 
U and SI and Fm(u) is its marginal distribution function of U. It is known by definition 
that the probabilities of events in Equation (4.9) can be rewritten in terms of F(u, si) and 
its marginal distribution function Fm(u). That is
P (  ( uzU<u+Au ) D ( SI=si  ) ) = F{ u+Au, s i  ) -
- F ( u, s i  ) -  F{ u+A u, s i - 1  ) + F{ U, s i - 1  ) ( 4 . 1 0 )
and
P{ U£U< u + Au ) = Fm ( u + Au ) - Fm ( u ) ( 4 . 1 1 )
Now, the foregoing problem has become how to decide the two dimensional probability 
distribution function, F(u, si).
In Probability Theory, the two dimensional distribution function F(u,si) is defined as
s i




F { u, s i  ) = f u ' V f { x , y ) d x  ( 4 . 1 3 )
y = l
here, x means u and y stands for si. x and y are used in place of u and si in order to 
observe the rule of integration and avoid other possible confusions. This practice will 
be followed in the entire process of derivation in this section.
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The corresponding marginal distribution function of U is then
M
Fm{ U ) = / U £  x > s i  } d x  ( 4 . 1 4 )
“ Sl=  1
or
M
Fm{ u ) = £  f  " f {  x ,  s i  ) d x  ( 4 . 1 5 )
S l = l
here, M is the number of soil types in the concerned soil classification. Also, the 
marginal distribution function of SI has the form
s i  ^  s i
Fm{ s i  ) = Y) f (  u , y  ) du = £  g{y )  ( 4 . 1 6 )
y= i  y=i
where
( s i )  = q { y )  = f  f {  u,  s i  ) d u  ( 4 . 1 7 )
J  — et>
Due to the basic properties of summation and integration, Equation (4.12) is equivalent 
to Equation (4.13) and Equation (4.14) is equivalent to Equation (4.15).
Now, we have to determine the two dimensional density function f(u, si) in above 
equations. According to the definition of F(u, si), we have
F  ( u,  s i  ) = P (  U z u , S I z s i  ) ( 4 . 1 8 )
F  ( U, s i - 1  ) = P(  UZU, S l z s i - l  ) ( 4 . 1 9 )
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Subtract Equation (4.19) from Equation (4.18), we get
F(u , s i )  - F ( u , s i - 1) = P{Uzu,SIzs i )  -  P{U<.u, S I z s i - 1 )
= P (  ( UZU ) n ( SI=si  ) ) ( 4 . 2 0 )
since SI is a discrete random variable. Therefore,
P ( ( Uzu ) fl ( SI=s i  ) ) = F ( u , s i  ) -  F { u, s i - 1  )
s i  s i - l
V  f U f ( x , y )  d x  -  ] T  f U f {  x , y  ) d x  
y = l  y = l
= f U f {  x ,  s i  ) d x  ( 4 . 2 1 )
J  —oa
On the other hand, the Multiplication Rule will give us
P(  (U&u) D ( S I = s i ) ) = P ( S I = s i )  P ( ( Uz u )  \ ( S I = s i ) )  ( 4 . 2 2 )
Here
P (  ( Uzu ) | ( S I = s i  ) )  ^ J u gs i ( x  ) d x  ( 4 . 2 3 )
The gsi(u) = gsi(x) in Equation (4.23) is the conditional density function of index U for 
soil type si. Also, according to Equation (4.16), P(SI=si) in Equation (4.22) is
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P{ SI=s i  ) = Fm{ s i  ) -  Fm( s i - 1  ) = g ( s i ) ( 4 . 2 4 )
This is the probability with which a certain type of soil will be met in general if no soil
in-situ behavior information is available. This probability, written as q(si), should be 
a constant for soil type si.
Now, substitute Equation (4.23) and (4.24) into Equation (4.22) and then Equation (4.22) 
into Equation (4.21), we get
f u f { x , s i )  dx = q { s i )  [ “ gs i {x) dx  ( 4 . 2 5 )
J  -QO J  -®
Since u can be any real value, Equation (4.25) exists only if
f  {u, s i )  = q ( s i )  gs i {u) ( 4 . 2 6 )
This is the two dimensional density function searched.
Then, substitute Equation (4.12) into the right hand of Equation (4.10) and rearrange it. 
We have
P[ ( u s U X u  + A u )  fl ( SI = s i  ) ) =
= X ( [ V̂ Uf ( x , y )  dx -  f u f { x , y ) dx) -
J  —00 J  —00
s i - 1  .U+AU A u
( f  f ( x , y ) d x - [  f  (x, y) dx)  ( 4 . 2 7 )
J  —00 J  ~oo
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After some derivation and using Equation (4.26), we get 
P{  { u z U < u + k u  ) f l  ( S I = s i  ) ) =
= f u*&uf { x ,  s i )  d x  = q ( s i )  f u+A“g s i [x) d x  ( 4 . 2 8 )
J  U J U
Also, plug Equation (4.15) into Equation (4.11) and use Equation (4.26) again. We can 
obtain
/»U*AU
P{ uzU<u+ku  ) = 2 ^  j  f  ( x ,  s i  ) d x
s i  =
M * u+Au
T  q { s i )  (  9 s i ( x )  d x  ( 4 . 2 9 )
s i =  l  Ju
Therefore, the conditional probability determined by Equation (4.9) will be
/u+AuffSi (x) d xUP ( S I =s i \ U= u )  = L i m
A u - 0  M +Au ( 4 . 3 0 )
T  q ( s i )  f  g s i (x) d x  
s i = l  Ju
Since Au is an infinitesimal quantity, Equation (4.30) can be rewritten as
P ( SI = s i \ U= u )  = L i m
q { s i )  g si ( u ) A u
A u - 0  M ( 4 . 3 1 )
£  g ( s i )  g Bi{ u ) Au  
s i  =1
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The limit in Equation (4.31) is actually independent of Au. Consequently, we have
M
£  g ( s i )  g s i { u )
( 4 . 3 2 )
Sl=  1
This is the basic formula to perform the point estimation.
It can be seen from Equation (4.32) that a series of conditional density functions gsi(u), 
si = 1, 2 ,..., M, have to be determined first before that formula can be practically used. 
Fortunately, we have done this job in Section 4.2, where we derived the conditional 
probability distributions. The condition in that situation is the given soil types. As 
defined previously, these soil types are represented by the variable SI and its values 
correspond to soil types in following order: GP, SP, SM, SC, ML, CL, CH. So what 
we need to do next is to decide q(si), the marginal mass function of SI.
There are two possible ways to determine or estimate q(si). The first one is based upon 
a subjective judgement. Back to the theoretical test discussed at beginning of this 
section. Under the described conditions of test, if a ball is taken randomly out of the 
box, we know that the probability for a certain color being selected is equal to 1/N. N 
is the number of colors in that box. Our soil classification problem can be considered 
in a similar way. Then, what is our basic statistic belief of the frequencies with which 
various soil types are encountered in site investigations? Is there any bias in the current 
CPT database? Unfortunately, due to the limited data available, these questions can not
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be answered with full confidence at this time. As a subjective prediction or an 
approximation, it is secure to take q(si) = 1/M, si = 1, 2 ,..., M. M is the number of soil 
types in a related soil classification. In our case, M = 7.
The second way to determine q(si) relies on a statistical technique called the "Goodness 
of Fit Test". It is more directly based upon cone testing data available. In the method, 
the observed frequency and the expected frequency are calculated for each soil type 
according to testing data available and the assumed values of q(si). Then, a probability 
statement, indicating how well the assumed q(si) fits the testing data, can be worked out 
by a likelihood ratio test. The results of q(si) from this method might be different with 
1/M. However, if the assumptions taken in the first method are correct and the data 
used in the second method is really random and reliable, it is likely that the results from 
these two methods will be close to each other. Due to the lack of sufficient CPT testing 
data, such a likelihood ratio test is not performed here. Instead, only some assumed 
values of q(si) are taken in order to illustrate how Point Estimation can help engineers 
make their estimations and predictions of soil types.
The following q(si) values have been adopted in this research for each type of soil: 1/7, 
1/3, and 1/2. q(si) taking 1/7 means that the seven (7) types of soils generally have the 
same probability to be encountered. Some people may think that certain types of soils 
can have higher probabilities to be met than others in reality. The results from q(si) = 
1/3 and 1/2 will provide a good scale range for their estimation purpose.
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When one soil type takes A as its q(si) value, other six (6) soil types are assumed to 
have the value of (l-A)/6 for their corresponding q(si). Here, A stands for one of 1/7, 
1/3, and 1/2. Such an assumption is taken in an attempt to make the problem simpler. 
It is expected that this simplification will give out average conditional probabilities for 
the cases where A is not equal to 1/7. The conditional probabilities obtained for seven 
(7) types of soils with different q(si) values have been presented from Figure 4.17 to 
Figure 4.23. Again, Figure 4.19 exhibits an abnormal behavior for soil type SM, which 
means more reliable data are needed to obtain correct results for this figure. Now, the 
point estimation on soil type can be performed according to these conditional probability 
charts if a CPT soil behavior unit U is given.
4.5. Summary
Two statistical approaches for predicting soil types, named as Region Estimation and 
Point Estimation, are suggested in this chapter to quantitatively describe the overlaps 
among different types of soils in a CPT soil classification. They are based upon the 
probability distributions of soil behavior unit, U, of seven (7) types of soils. These 
distributions are assumed to have a normal form and such an assumption has been 
checked by the in-situ soil behavior units of different soil types gained in Chapter 3. 
The corresponding coefficients of these normal distributions are also calculated 
according to the same data. The examinatorial results show that the assumption of 
normal distribution is acceptable with a high confidence ( a  > 0.7) for most soil types 
except for SM and CH. It is not clear why soil type SM and CH do not follow a
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normal distribution well. More data are needed to check this result. Right now, the 
assumption of norma distribution is accepted with a confidence of 0.03. Then, Region 
Estimation and Point Estimation are developed accordingly.
Region Estimation is an approach similar to conventional soil classifications to classify 
soils. The predicted soil type of a soil sample depends on the region in which the soil 
behavior unit, U, of that sample falls. The classification criteria are shown in Table 4.2 
and the corresponding probabilities are presented in Table 4.4 and 4.5. All the results 
are summarized in Figure 4.16. One important characteristic of this approach is that 
each region corresponds to several types of soils with different probabilities, not just 
one. It will let users make a decision of simplification. This is also true in the Point 
Estimation.
Point Estimation is an approach to classify soils directly by probability. It has an 
advantage of distinguishing different points within a region. In this sense, it will give 
a more accurate result than Region Estimation. However, extra information is needed 
before it can be used. This information is the probabilities q(si) (si = 1, 2 ,..., M; M is 
the number of soil types in the concerned soil classification) with which different soil 
types are encountered in site investigations. Due to the restraint of in-situ data available, 
only assumed values of q(si) are taken here. The analysis results of Point Estimation 
are presented from Figure 4.17 to Figure 4.23. According to these charts, a point 
estimation of soil types can be performed if a CPT soil behavior unit, U, is given.
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Finally, the significance of Region Estimation and Point Estimation can be summarized 
as follows. These two approaches indicate that when CPT data are used to identify soil 
types, the results can not be one hundred percent (100%) correct. Some disparity is 
possible. Therefore, if the problem at hand really concerns about soil composition and 
the classification results also indicate a possibility of unfavorable soil types, a boring test 
should be arranged to get the exact knowledge of the situation in-situ.
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CHAPTER 5
FUZZY CPT SOIL CLASSIFICATION
5.1. Introduction
It has been suggested that uncertainty in general can be characterized in three ways: 
randomness, vagueness, and ignorance. Lack of causal repeatability of phenomena or 
of values of state variables, i.e., lack of the law of causation, is associated with 
randomness. The difficulty of defining concepts or state descriptions precisely, i.e., lack 
of the law of exclude middle will be considered as fuzziness. "If experiments are not 
repeatable, it is difficult for a subject to develop. Hence in the social sciences it is not 
easy to construct dependable theories. The extreme example is history where only very 
indirect experiments are possible. Thus increasing lack of repeatability of experiments 
could be associated with sufficient but not necessary conditions for lack of knowledge 
or ignorance” (D.I. Blockley, 1985).
In a CPT soil classification, only randomness and fuzziness are the relevant 
uncertainties. The randomness uncertainty has been discussed in Chapter 3 and 4. This 
chapter will begin with studying the problem of fuzziness. In this process, the fuzziness 
in a soil classification is discussed and the basic concepts and characteristics of fuzzy 
subset theory are reviewed first. Then the characteristics of a CPT soil classification 
are addressed and the possibility and necessity to apply the fuzzy subset theory to the 
classification problem are explored and examined. Also, as a first attempt, a temporary
129
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fuzzy CPT soil engineering classification is proposed. This fuzzy classification tries to 
solve not only the uncertainty of fuzziness but also, from another direction, the 
uncertainty of randomness in a CPT soil classification problem. Finally, a new package 
of CPT soil engineering classification based upon cone tip resistance qc and friction ratio 
FR is suggested as a summary of the whole dissertation.
5.2. Fuzziness in Soil Classification
Fuzziness, as mentioned before, arises from a difficulty to precisely conceptualize natural 
objects, events, or states etc. Concepts are the abstractions of the natural existence. 
Any concept consists of two characteristic factors: connotation and extension. Because 
of its abstract nature, sometimes the connotation of a concept can be understood quite 
well. But the extension of it will look ambiguous when the concept is used to depict 
the corresponding things, phenomena etc in the natural world. This is the case for soil 
classification.
Although it is only in this century that soil mechanics has become a scientific discipline, 
human being's knowledge about soils has a long history. Based on the experience from 
a long term of practice with soils, the natural soils have been conceptualized into certain 
general groups, such as clayey soil and sandy soil. As the results of practical needs, 
detailed sub-division concepts of soil types have also been developed within each 
fundamental group, such as the ones described in USCS. All these concepts
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comprehend the knowledge of not only soil texture (grain size distribution) and physical 
characteristics, but also engineering properties (Casagrande, 1948).
It has been known that soils can have so many aspects of properties that it is not always 
easy for them to be classified properly into a group of comprehensive soil types. 
Actually, each aspect of soils has its own particular criterion to classify and a balance 
among them will depend upon the concerns (or priorities) of a classifier. Usually, 
different concerns will result in different boundary lines among soil types in most cases. 
Also remember that all the concerns (or priorities) generally have different engineering 
meanings and background. Therefore, to achieve a balance among them will not be an 
easy task. Sometimes it is very difficult to be accomplished. From this point of view, 
it can be said that more comprehensive the concepts of soil types are, more difficult a 
classification of soils will be. This situation will be reflected as a kind of uncertainty: 
fuzziness.
Another reason for the fuzziness in soil classification is that the compositional elements, 
physical characteristics, and corresponding engineering properties change gradually from 
one type of soil to another. It reflects the general rule of "the  changes of quantity  will 
cause the changes of quality eventually" in the natural world. In this sense, there are 
no clearly distinctive boundary lines among different types of soils. Soils can be sorted 
into several different groups only from a whole perspective of views. The difference 
between any two adjacent types of soils can be significant only when the "distance"
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between them, in certain scale, becomes large enough. In such a case, the fuzziness will 
also occur as the specific boundary lines among different soil types are portable.
Furthermore, not only will these two types of vagueness coincide but they will also mix 
with the uncertainty of randomness in a real situation of soil classification problem. It 
will make the problem more complicated. This may be one of the reasons why there 
were so many soil classification methods for almost the same engineering purpose, and 
why soil classification was the most confused chapter in soil mechanics. Therefore, it 
used to be, and still will be a challenge to develop a new kind of soil classification 
system.
Human beings have the capability to handle this challenge, just like L. A. Zadeh's 
observation. Humans can understand and analyze imprecise concepts which are not 
properly understood or emulated by existing analytical methods (L. A. Zadeh, 1965). 
Experts are able to handle all the uncertainties reasonably and intelligently because of 
their experience and genius. There is no vagueness in their minds. They make good 
balances among various aspects of soil characteristics and properties under different 
conditions. They can make correct decisions according to their criteria since they have 
enough experience with soils and a strong understanding of soils. The uncertainty only 
means to the not well trained mind. This may be one of the reasons why there are some 
uncertainty and flexibility in the original Airfield Classification System, which is the 
prototype of USCS, but the author was confident about it.
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However, experts have difficulty expressing their certainty with the normal ways, i.e., 
the ways "supported by prevailing schools of epistemological thought that required 
precision as a sine qua non imposition on properly defined concepts". The formation 
of a classic (conventional) classification methodology is a rigid frame which does not 
allow a modification (adjustment) of a soil classification when conditions (concerns or 
priorities) change. But experts' certainty is based upon this kind of modification. 
Consequently, current soil classification systems can only transfer the certainty in an 
implicit way. As a result, it is not easy for other people later to appreciate this certainty 
in a definite way. This will cause the fuzziness in using these soil classification systems 
later on.
Furthermore, "the current methodologies showed a concern for precise representation of 
certain system aspects that were not only irrelevant to the analysis goals but that were 
an actual impairment in reaching the system understanding objectives". The classic (or 
conventional) classification methodology will give a precise soil classification on the 
surface since it complies with the law of exclude middle. However, such a precision 
will truncate the information from natural soil samples and produce some kind of 
distortional image (or simplified picture) on them. This point can be illustrated with the 
help of Figure 5.1. Although soil 1 and soil 2 are classified as the same type of soil 
with the same name, their similarity is not as good as indicated by the name of the soil 
type. The deviation between them can be quite large, depending on the individual


























































situation. On the other hand, it is not very easy to distinguish the difference between 
soil 2 and soil 3, but they have been classified into different types of soils.
Here, the problem is not the approach of truncation itself but the conditions in which to 
do it. It is clear that the validity of such a truncation caused by a classic classification 
methodology should be conditional in general. However, these conditions have no way 
to be reflected in current crisp classification systems. Therefore, such a conditional 
truncation of information from soil samples has been expressed as an unconditional one 
due to the inherent defect of the classic classification methodology. It can be imagined 
that the resulting distorted image of soils can later cause some misinterpretation of their 
properties.
Although the seriousness of the distortional image can be reduced to some extent by 
introducing more sub-types of soils, theoretically this problem can never be eliminated. 
It is embedded in the existing classic classification methodology because it always gives 
a "yes" or "no" answer. Also, more the soil types adopted, more complicated the soil 
classification, more inconvenient for use, and more uncertainty introduced.
The foregoing analysis of the fuzziness in soil classification has separated into two 
types: one is from the comprehensive nature of a  concept, the other is due to the law 
of "quantity  change to quality change". They are actually two important 
characteristics in a soil classification problem. These two characteristics will not cause
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any problem if we can handle them properly. However, what we have done is quite the 
opposite. We looked at them in view of the conventional methodology. We used this 
methodology to describe them in order to get a "precise" representation of a 
comprehensive soil classification system. This practice has put us in a dilemma called 
fuzziness or vagueness. This is because the conventional crisp methodology adopted in 
current soil classifications has impeded a clear transference of the relevant information 
and knowledge which has been used during the system development. Thus, the 
interpretation of this vagueness will depend on personal experience and training, "so that 
it may be said that there are as many classification systems as there are engineers using 
them" (W aterways Experim ent Station, vicksburg, Mississippi, 1951). All these 
phenomena have indicated the objective basis to use a new methodology which already 
exists in the state of art: fuzzy subset theory.
5.3. Basic Concepts and Properties of Fuzzy Subset Theory
The basic notion of fuzzy subset was first introduced by L. A. Zadeh in 1965. It was 
the result of his consideration of the big difference between human brain's capability and 
existing analytical and modelling methods, and of the contradiction between precision 
and correctness in an analytical modelling. As Zadeh pointed out latter, "the theory of 
fuzzy subset is, in effect, a step towards a rapprochement between the precision of 
classical mathematics and the pervasive imprecision of the real world - a rapprochement 
bom of the incessant human quest for a better understanding of material processes and 
cognition" (A. Kaufm ann, 1975).
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The theory of fuzzy subset is based upon the concept of degree of membership u(x), also 
named the degree of belongingness or characteristic function. This concept was 
generalized from the classic notion of a set. As a fundamental concept in mathematics, 
a set A is a collection of elements in a considered domain. Any element x in this 
domain can only either belong or not belong to A, i.e., the law of exclude middle is 
observed. In mathematics, this fact can be described by a membership function or 
characteristic function uA(x), whose value indicates (yes or no) whether x is a member 
of A:
HA(*) =
Here, the symbol e  means "belong to"
1 . 0  i f  x  E A
( 5 . 1 )
0 . 0  i f  x  E A
Zadeh believed that "much perhaps most, of human cognition and interaction with the 
outside world involves constructs which are not sets in the classical sense, but rather 
'fuzzy sets' (or subsets), that is, classes with unsharp boundaries in which the transition 
from membership to nonmembership is gradual rather than abrupt" (A. Kaufm ann, 
1973). This idea can be described mathematically as uB(x) e [0, 1], i.e. uB(x) can be 
any value between 0 and 1. This range of values represents that an element may belong 
to a set in any degree from non-membership to partial membership and to full 
membership. Therefore, a fuzzy subset can be defined mathematically by the expression 
(A. K aufm ann, 1973)
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B = { x  | |Afl(x) } , V x  e A ( 5 . 2 )
Here, A is a classic set, enumerable or not, and x is an element of A. uB(x), called 
fuzzy membership function, is the grade or degree of membership with which x is 
belonging to B. On the other hand, a classic subset Ba can further be elaborated based 
upon a fuzzy subset with level a ,  here a  e  [0,1]. This classic subset can be determined 
as
Ba = I M -* )  * « } ( 5 . 3 )
In this way, a fuzzy subset can be easily "transferred" to a crisp subset which has sharp 
boundary lines.
It is apparent that the most important thing to find out for a fuzzy subset is a proper 
fuzzy membership function for it. This kind of membership function is supposed to 
express human's comprehensive cognition and quantification of the gradual change of 
certain abstract objects in a concerned domain. Since this abstract comprehensive 
quantity can not be measured directly, the membership function of a fuzzy subset has 
to be estimated. This estimation will be affected by personal experience, training, the 
capability of quantification and other factors, such as psychology, responsibility, etc 
(Brown et al, 1985; Santam arina, 1987). Thus, a membership function seems 
uncertain in form and every individual can have a different one. Since people always 
set out from prior knowledge to understand new ones, a required mathematical 
description on a gradual change will remind people the format of the probabilistic
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theory. This might be one of the reasons that the fuzzy subset theory is easily confused 
in concept with the probabilistic theory.
The fuzzy subset theory and probabilistic theory are totally different in nature. What 
a fuzzy subset wants to describe is certain in the sense of randomness controlled by the 
rules of probability. The problem of uncertainty described by fuzzy subsets stems from 
the way humans cognize the natural world. Humans are always trying, at least in the 
sense of knowledge, to make the natural world in order, which may be the one aspect 
of subjective initiative. They always try to simplify this world by using all of the 
methodologies he has learned from their experience in their process of cognizing the 
natural world. Among them are comprehension, abstraction, and quantification in 
subjective. All these approaches together can produce very comprehensive, abstractive, 
and flexible quantities that can not be well expressed in a usual or classic way but can 
be felt and so are fuzzy.
Certain characteristics can be expected in the process of generation and evolution of a 
fuzzy quantity. First, this process is a series of iterative cognition cycles which never 
finish at once and also theoretically never end. The results from a foregoing cognitive 
process will be checked and tested in the following practice and the feedback will be 
used to modify the subjective cognition. As a simulation of a fuzzy quantity, the 
development of a membership function should also follow this iterative patten due to the 
nature of estimation and evolution of the fuzzy quantity.
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Second, a subjective quantification in a cognitive process has a characteristic of 
flexibility which is only restrained by the purpose of this process. In other words, 
whatever the results will be, the only requirement is to serve our purpose. This is a 
general characteristic of subjective activities and is contradictory to the basic philosophy 
of classic mathematics. In this sense, it is not easy to find a proper form for the 
quantification in classic mathematical language humans have used to describe the laws 
of nature, specifically the form of a membership function for a fuzzy subset. As another 
side of the flexibility, a fuzzy subset in a fuzzy approach may have several membership 
functions with different forms but all good for using. This can be proven by the fact 
that different people may think in different patterns but they all can be successful 
engineers. From this point of view, it is questionable whether the proposition of a 
probabilistic theory based upon fuzzy sets can provide a correct and useful tool to solve 
mixed uncertainty problems.
Conclusively, due to the impossibility of directly measuring human's quantification in 
a process of cognition, the determination of a fuzzy membership function should be a 
procedure of "trial and error". In the beginning, this kind of function can be established 
with some "rule of thumb" estimation. It is obvious that the quantification in human's 
cognition process is one thing and expressing this quantification in mathematical 
language is another. Therefore, being an experienced and successful engineer might not 
guarantee a good membership function for a kind of vagueness in which he or she has 
an expertise. Also averaging different persons' membership functions does not secure
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a good one since this method only makes sense in statistical theory. No matter how a 
membership function of a fuzzy subset is obtained, the correctness of it has to be 
checked in practice. A modification of it can be made, if necessary, based on the 
feedback. This procedure should be considered as a general rule to determine a 
membership function.
It is believed that the fuzzy subset theory has supplied a tool to summarize human's 
experience to deal with fuzziness. However, the experience obtained so far on this 
theory still can not guarantee a proper use of it in a new field. It may be appropriate 
to say that the significance of the fuzzy subset theory lies in that it has provided an 
access to find out an unified, precise, mathematical language to describe fuzziness. 
Based on this language, a proper simulation of fuzziness can be worked out through an 
iterative process between theory and practice.
5.4. Basic Concepts of a Fuzzy Soil Classification
Fuzzy subset theory has many practical uses. One of them is to describe a fuzzy 
concept, the extension of which is not very clear. The physical meaning of a fuzzy 
subset is defined by a connotation of the fuzzy concept. The extension of the fuzzy 
concept is then described by the corresponding membership function of the fuzzy subset. 
This is the way the fuzzy subset theory is used in a soil classification. In such a system, 
some core soil types, such as the ones in USCS, are decided first. Each type of soil is 
then described by a corresponding fuzzy membership function and certain manipulations
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of these fuzzy membership functions are performed according to some rules of the fuzzy 
subset theory. Also, any other kinds of concepts about soil types in fuzzy sense, such 
as liquefiable soils, frost-susceptible soil, etc, can be introduced as the supplementation 
to the core soil types of the fuzzy soil classification. Their fuzzy membership functions 
can be worked out similarly to the ones of the core concepts. Because of a possible 
independence between the connotations of the adopted core concepts and other 
supplemental concepts, their membership functions do not need to have direct relations.
The advantage of using fuzzy methodology in a soil classification problem is the unity 
of content and format presented in such a system. As we already know, soil types are 
all fuzzy concepts but the formation used to express them is crisp within current 
conventional soil classification systems. This problem is now eliminated by using the 
fuzzy expression, as the gradual changes of soil types can be described explicitly by 
corresponding fuzzy membership functions.
Also, since fuzzy subsets can be transferred into classic subsets if a group of a  level 
values are given, all conditional truncations on soil type information can be described 
explicitly now. In this sense, it can be said that a fuzzy soil classification system is the 
most general form of a soil classification for a fixed set of soil classification indices. 
The differences among different concerns or priorities of soil classification are included 
in and reflected by the values of level a . From this point of view, a flexible nature (or 
uncertainty) of current soil classifications is exposed again. Sometimes, it is not easy
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to find a convincible reason to chose certain values of level a  for an ordinary crisp soil 
classification.
One more thing which is worth being mentioned, is that this kind of transfer relationship 
between a fuzzy set and the corresponding classic subsets is desirable to simulate a 
phenomenon of "concept shifting" which occurs during people's thinking. When people 
are talking about soil types in general sense, the concepts of various soil types are fuzzy. 
However, when the discussion is actual-problem-oriented, the concepts of soil types may 
be crisp in nature. In these two cases, people use the same terms but the meanings of 
them are slightly different.
Furthermore, the physical meanings of a  values can be any classification criteria which 
people need to serve certain purposes. For example, with the culmination of human's 
experience and knowledge about soil engineering properties, some particular criteria for 
certain engineering problems can be established by experts. These problems could 
include strength stability problems, settlement stability problems, liquefaction, 
compaction, seepage problems, etc. All the criteria for them are represented by certain 
values of a . In this way, experts' experience and knowledge about soils can be recorded 
in a succinct and explicit style. These experience and knowledge later can help other 
engineers to make preliminary decisions during the initial stage of a problem solving 
process. In such a case, each of these criteria is supposed to give only an indication 
from a certain point of view for possible soil properties because of their possible
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complexities. If necessary, some follow-up tests can be performed later to know the 
exact soil behaviors in an in-situ situation. In this way, the fuzzy methodology also 
supplies a general basis for developing some kinds of subjective empirical relations 
between engineering properties and soil types, which is the summation of the expertise 
currently available.
It is understandable, however, that searching for reasonable criteria mentioned before 
will be a long accumulative procedure due to their empirical nature. Therefore, this 
topic should be concentrated on in future research. From now on, every person can give 
his or her contribution to solve a particular problem by addressing his or her opinion on 
an interested criterion. After a certain period of time, a general discussion of it will be 
very helpful to come to a tentative agreement. The criterion will then be checked in 
practical usage and the feedback will be used to work out its new version for the future.
In general, a fuzzy soil classification has some special advantages and properties over 
current conventional soil classifications. It will provide a scientific methodology to 
summarize and express human's experience with soil types. It is worthy to develop such 
a classification although only a tentative draught of it can be suggested here because of 
its iterative nature.
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5.5. Implementation of a CPT Fuzzy Soil Classification
It has been pointed out in Section 5.2 that there is some fuzziness in soil classification 
due to the comprehensive nature of soil type concepts and the law of quantity 
change to quality change. The conventional crisp methodology has no capability to 
describe and reflect such fuzziness. However, people will not spend money and time 
on current soil classification systems just for solving this covered dilemma, which is 
understandable because engineers have already been accustomed to existing soil 
classification systems. Also, this problem can be lessened or even eliminated by 
personal judgements of well trained and experienced engineers. Therefore, those 
conventional soil classifications of compositional type will not be changed in the future. 
With such a prediction, the discussion of the fuzziness in soil classification here will in 
general help us establish a flexible attitude on those conventional systems and properly 
use them.
The situation will be different when a new soil engineering classification is required to 
be worked out. In such a case, new techniques should be, whenever possible, integrated 
and merged with conventional ones so that a brand of new classification system can be 
worked out. Otherwise, no progression of technology can be expected.
Concerning our specific case, it has been pointed out previously that the fuzzy subset 
theory is a scientific way to describe and express a soil classification system. This 
theory should be adopted when a soil classification system of cone technology is
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developed. However, implementation of this general idea in our case is not as easy and 
clear as the theory itself appears. The fundamental problems to solve are what core 
concepts should be adopted and how the corresponding membership functions are 
determined. Before finding solutions for these problems, it will be helpful to discuss 
following characteristics of our CPT soil classification problem.
As we have illustrated before, a CPT soil engineering classification can be affected by 
many factors. However, it seems that all of these factors have practically no way to be 
distinguished and evaluated separately and independently based solely upon cone 
measurements, even in a subjective sense. All their effects are mixed and can only be 
seen together in the results of cone measurements, i.e., qc and FR (from fs) in a CPT 
case. If no other types of experiments are performed, no other independent source of 
information of soil types will be available. Therefore, our soil classification in a CPT 
case is basically a two-dimensional problem (qc and FR). This is the first characteristic 
we would like to point out.
Second, based upon the assumptions and approaches suggested in Chapter 1, this two- 
dimensional problem can be simplified into an one-dimensional one. In this one­
dimensional problem, the parameter used is the soil classification index, U, defined by 
Equation (2.1), (2.2), and (2.3). Of course, the degree of correctness of each assumption 
in this simplification will be different. However, due to the author’s limitation of 
experience with this matter, the influence of these assumptions have no way to be
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estimated quantitatively for the time being, neither objectively nor subjectively. As a 
result, the problem at hand is primarily treated as an one-dimensional classification 
problem.
The third characteristic of the problem can be identified by checking the procedures with 
which current CPT soil engineering classification charts were developed. As we have 
already discussed in Chapter 3, existing CPT soil classification charts use soil behavior 
(soil responses to cone penetration) measurements as soil classification parameters. 
However, the classification criteria adopted are transferred from compositional soil 
classifications, such as the USCS. As a natural result of this practice, the same naming 
system has been employed, too. This approach to elaborate a soil classification has, as 
mentioned in Chapter 3, the advantage of keeping the continuity and integrity of the 
whole soil classification system. Therefore, the accumulated past experience will be 
related to the new classification to develop. Nonetheless, it has also brought the explicit 
uncertainty analyzed in Chapter 3 and 4 into the new system. This uncertainty has 
shown itself as the overlaps among different soil types in CPT soil classification charts.
It is obvious that due to those overlaps among different soil types, soil types identified 
by a CPT soil classification are not exactly equivalent to the corresponding ones 
identified by a compositional soil classification although they have same name. A soil 
type identified by a classification of behavior type corresponds to several different 
compositional types of soils. So, as a type of soil, it has a property which the
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corresponding soil type identified by a compositional classification does not have. No 
matter whether people realize or not, it is a fact. The name sharing has created such a 
problem. The information that there are some overlaps among different soil types in soil 
classifications of behavior type has been erased. Therefore, this practice will cause 
some confusion both in theoretical and practical points of view.
On the other side, even if the uncertainty in a CPT soil classification is handled by 
some statistical approaches, such as the ones suggested in Chapter 4, the problem is still 
not totally solved from a practical point view. For example, people will still feel 
uncomfortable when we say that a soil layer identified by C PT is sand with a 
probability of seventy percent (70 %) and silt with the rest thirty percent (30 %). When 
we do this, we actually put an emphasis on the uncertainty, soil composition. Notice 
that in a compositional soil classification, soil composition is certain, but the related 
behaviors can be predicted only in a general sense. There is uncertainty in anticipating 
a specific engineering property based solely upon a soil composition. People feel 
comfortable about that because the emphasis in that system is on the certainty: soil 
composition.
The same philosophy can be followed to develop a CPT soil classification. In such a 
system, an emphasis can be put on the certainty, soil behavior. Soil composition can 
be predicted according to behavior but with some uncertainty. A precise knowledge of 
it can only be obtained from a boring test. If we do this, there will be no uncertainty
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in a form of overlaps among different soil types in such a classification system. The 
uncertainty discussed previously can be transferred into a factor which can influence the 
choices of boundary lines among different types of soils in this new system. Keeping 
in mind the general purpose of a soil engineering classification, this practice should be 
acceptable.
The above consideration can be materialized by following two strategies to develop a 
soil classification of behavior type. The first one is to make a behavior type of system 
truly a behavior type. Not only the soil classification indices but also the classification 
criteria are truly based directly upon soil behaviors. This kind of classification will 
serve the cases where it really does not matter what the composition of soils is, as long 
as the knowledge of soil behaviors is available. The problem for this strategy is that the 
new system will be isolated with the old ones. Therefore, the usefulness of it will be 
limited substantially.
The second strategy is the result of a modification of first one. In this strategy, the 
classification criteria should directly include not only the information of soil behaviors 
but also their correlations with the corresponding classification criteria of compositional 
type. One thing that is common in both strategies is that a different naming system 
should be adopted. In the case observing second strategy, the new naming system 
should reflect the fact that one soil type identified by the new soil classification of
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behavior type corresponds to several soil types identified by an old compositional 
classification.
The second strategy will be observed in this research since it is more acceptable. This 
can be implemented by the fuzzy subset theory in a straight forward way. Each aspect 
(including engineering properties) of soils can be empirically correlated with the CPT 
soil classification index (soil behavior unit), U, and a corresponding fuzzy membership 
function can be worked out in some way. Then, some comprehensive soil types can be 
defined in a systematic way simply by following the rules of manipulations on the 
functions (fuzzy subsets).
In this dissertation, due to the limited time and data available, only a fundamental part 
of this new system is chosen and focused upon. This part is to determine the fuzzy 
membership functions indicating the correlations between soil types identified by 
classifications of compositional and behavior type. This can be accomplished by 
borrowing the probabilistic density functions of compositional soil types as the 
prototypes. Then the required membership functions are defined by normalization and 
modifications based upon currently obtained experience. The resulting membership 
functions together will describe the gradual variations of soil types, as exhibited in next 
section.
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5.6. F ram e of a  CPT Fuzzy Soil Classification (CFSC)
The following fundamental (or core) fuzzy concepts of soil types are adopted 
temporarily as the outcome of considerations based upon previous analysis on a CFSC. 
They are High Probability Clayey Soils (HPC), High Probability Mixed Soils (HPM), 
and High Probability Sandy Soil (HPS), as shown as
SOILS
HPS HPM H PC
P s(U ) M U )  M c(U)
Here Pc(U), M U ), and p^U) are the fuzzy membership functions of H PC , H PM , and 
HPS, separately. They are estimated according to some up-to-date experience. 
Temporarily, two aspects have been taken into a account.
First, it is assumed that there is core center or range where the membership function will 
take a value of one (1) for each of these fuzzy subsets. The absolute change rate of the 
abstract fuzzy belongingness at any point is supposed to increase as the "distance" 
between the point and the center of the fuzzy subset increases up to certain limits.
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Thus, a kind of S shape function, which satisfies this requirement, is employed for these 
fuzzy membership functions. Such results should approximately reveal the changes from 
quantity to quality. Second, the positions of the fuzzy membership functions for the 
three soil types are decided by a perspective consideration of overall soil properties. 
What the membership functions want to show is that soils in these three groups have 
fundamentally different engineering properties but with no sharp boundary lines among 
them. The changes are gradual from one type of soils to another.
Although the previous discussion does not specify a way to determine these three fuzzy 
membership functions, it has described what we should get. It actually plays a role to 
provide some directions. Empirically, the three membership functions can be determined 
based upon the data (relative frequency of U) given in Figure 3.8. In that chart, soils 
have be reorganized into three groups (Group I, Group II, and Group III), which are 
directly related to HPC, HPM , and HPC here. The density functions of the three soil 
groups are assumed to be normal and are
u -  2 . 6 5 7 5  
0 . 8 3 4 5 8 6
( 5 . 4 )
0 . 7 2 4 3 0 7
u -  1 . 3 5  
0 . 7 2 4 3 0 7 ( 5 . 5 )
f c (u)  I   e x p ( - — ( u  * 0 • 1 7 7 5
0 . 8 6 3 3 2 ^ 7 t  2 0 . 8 6 3 3 2.
( 5 . 6 )
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The validation of this assumption is checked as similarly as before in Section 4.2. The 
corresponding results are shown in Figure 5.2, 5.3, 5.4, 5.5, 5.6, 5.7, and Table 5.1. 
They are given just for a reference purpose. The explanations on them can be figured 
out by referring the same discussions given in Section 4.2.
Table 5.1. Results of Distribution Fitting Tests of Combined Soil Types
Soil
Type
Distri. mean S. D. Chi-Square Test K - S  Test
Est. D. F. S. L. Dplus Dmi S. L
| HPS fs 2.66 0.83 21.46 8 6.0E-3 0.096 0.123 0.098
HPM 1.35 0.72 79.01 11 2.3E-12 0.154 0.096 0.017
j HPC fc -0.18 0.86 13.68 8 9.0E-2 0.074 0.119 0.118
Note:
Distri: Distribution Function;
S. D.: Standard Deviation;
Est.: Estimate;
D.F.: Degree of Freedom;
S.L.: Significance Level;
Dplus: The maximum positive deviation of the empirical cumulative distribution 
over the hypothesized cumulative distribution function;
Dmi: The maximum negative deviation of the empirical cumulative distribution 
over the hypothesized cumulative distribution function.
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Figure 5 .7  Frequency Histogram  for Soil Group CL, CH.
160
Since
^8   ̂u) Imax „ — ( 5 . 7 )
0 .834586
t . M  U  -  0 7 2 4 3 0 7 i f f i f  ( 5 . 8 )
f c ( u)  Imax =    ( 5 . 9 )
0.863320v/27t
after normalization and other empirical modification on Equation (5.4)? (5.5), and (5.6), 
the three fuzzy membership functions of HPS, HPM, and H PC soils are defined as
M u ) = •
1 . 0 u>2 .6 5 7 5
 , 1 , u - 2 . 6 5 7 5  ^  ( 5 . 1 0 )
S X P ( ~ 2 1 0 . 8 3 4 5 8 6 1 ’ U S 2 . 6 5 7 5
■*-(“ ) = e X p t - | 1 0U.7243 0 7  )2) ( 5 - H )
M u ) =
e x p  ( - — ( u tQ-. 177.5 )2) 
y  2 0 . 8 6 3 3 2
1 . 0
u z O . 1 7 7 5  
U <0.1 7 7 5
( 5 . 1 2 )
as shown in Figure 5.8.
The soil type HPS, HPM , and HPC with their fuzzy membership functions consist of 
the basic CPT fuzzy soil classification, which has a quite simple format. This 
classification has several characteristics and properties very useful. First, it is a real 
behavior type of soil classification in which not only the classification index is based
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Figure 5 .8  Tentative CPT Fuzzy Soil Classification Chart.
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upon the measurements of soil behaviors but classification criteria are also really 
independent. Therefore, there is no uncertainty of randomness in this classification.
Second, soil types in this classification explicitly declare their relations with the 
corresponding compositional soil types. It is clearly defined that these soil types are the 
corresponding conventional ones of USCS with high probabilities but not always being 
of one hundred percent (100%). In this way, the uncertainty of randomness which exists 
in old CPT soil classifications has been put into the connotation of the concepts of the 
soil types. In other words, the emphasis has been put on the certainty of CPT soil 
classification. Since "high probability" is a fuzzy term, the changes of belonging to 
these soil types or the extensions of the concepts are described by the fuzzy membership 
functions.
Third, this classification has also included an empirical summarization of current 
knowledge about soil behaviors. The HPS type of soils generally has the properties of 
high strength, high permeability, and low compressibility, which will correspond to the 
higher tip resistance qc and the lower friction ratio FR, therefore, the larger U values. 
The HPC type of soils then is supposed to have lower strength, lower permeability, and 
higher compressibility which are usually consistent with the lower qc and higher FR, 
therefore, the lower U values. The engineering properties of HPM soils lie in between 
ones of the HPS and HPC soils. Thus, their U will take the values between the ones
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of HPS and HPC soils. All of these have been reflected clearly by this fuzzy soil 
classification.
Fourth, this classification separates the description of soil situation in-situ from the 
simplification and other decision makings on it. It tries to present the condition of soil 
types in-situ as real as it is. No conditional information truncations are performed right 
away. Later, if some criteria are required for certain actions, the conditional truncations 
on the fuzzy soil types can be executed accordingly. The resulting Crisp Soil Types 
(CST) can be expressed by the fuzzy classification system with a group of a
CSTj  = { u | a 7- s  |x_£(u) } ,  i  = c ,  m, s .  ( 5 . 1 3 )
Here i and j are the subscripts of the fuzzy and crisp soil types, separately. Therefore, 
as the supplement to the CPT fuzzy soil classification, a groups of level a  values can 
also be given to users. These a  values are determined by experts and will have different 
engineering concerns. In this way, users can have the choice of making their own 
decisions to serve their specific engineering purposes. Here is an example. Suppose 
that some CPT data are used to identify the liquefiable soil for some precautionary 
engineering measures. This soil can be recognized by the following criterion:
CST'nquifiabie ~ t ^  I ^liquifiable- ® ^ J
Where p^u) is given by Equation (5.11).
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Last, this CPT fuzzy soil classification itself can serve the general communication 
purpose. An example of this can be: Given u = 2.0, the corresponding soil layer belongs 
to (might be more understandable to use the term of "looks like")
• a soil type of H PC with a degree of ^(2.0) = 0.04,
• a soil type of HPM  with a degree of fjm(2.0) = 0.67,
• a soil type of HPS with a degree of ^,(2.0) = 0.73,
depending upon which aspect you want to emphasize. This kind of description can be
understood with the help of examples in our daily life. For instance, we can say that 
a boy looks like his mother with a degree o.6 (i.e. 60%) and his father with a degree of 
0.7 (70%). People will accept such an introduction with little problem although it is a 
fuzzy description since human beings have the capacity to understand i t  Also keep in 
mind that u = 2.0 is directly calculated from cone measurements of qc and fs. Therefore, 
the engineering behaviors of that soil layer is also determined.
5.7. CPT Soil Classification Package Suggested
A new package of CPT soil engineering classification based upon the cone tip resistance 
qc and friction ratio FR is suggested now as a summary of the all previous analysis 
results. This new classification package should basically consist of the following 
procedures:
1). Transform a CPT sounding profile of parameters qc and FR by Equation (2.1), 
(2.2), and (2.3) in order to get a corresponding profile of soil classification index, 
U;
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2). Layer the index U profile by the ICC moving window method and then calculate 
the mean of U values for each layer to determine the soil behavior unit;
3). Predict the soil type of each layer by matching the soil behavior unit of that layer 
with some classification criteria.
Soil classification criteria, as one important result of this research, can be obtained from 
Table 4 .2 ,4 .4 ,4 .5 , and Figure 3.7, 3 .8 ,4 .16,4.17,4.18,4.19,4.20,4.21,4.22,4.23, and
5.8. These criteria are the indicators of an evolution process from the purely empirical 
to the purely theoretical. It will be the user's decision of which one to use. Also, if 
required, some other criteria from different considerations of soil classification can be 
merged with the ones suggested in this dissertation later. One important characteristic 
of this new CPT soil classification package is that the classification procedures 
suggested exactly follow the technical route taken in this research. Therefore, they have 
fully been explained and hopefully no ambiguous points will occur, which is what we 
initially want to obtain.
5.8. Summary
Soli classification has some inherent fuzziness due to its specific characteristics. These 
characteristics include the comprehensive nature  of the concepts of soil types and the 
law of quantity change to quality change concerning soil composition and properties. 
They have to be treated properly in order to avoid possible confusion. Unfortunately, 
current classic classification methodology lacks this kind of capability. This situation,
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however, can be lessened by personal judgements of well trained and experienced 
engineers but even for them, the inconvenience caused by the fuzziness still exists. In 
an attempt to solve this problem, this chapter has explored the possibility and necessity 
to use a new classification approach which is based upon the fuzzy subset theory. It is 
concluded that this new technique has many advantages over traditional ones and it is 
an ideal tool to deal with the fuzziness. Therefore, it should be used when a new CPT 
soil classification is developed.
Apart from the inherent fuzziness, a CPT soil classification also has other 
characteristics. Specifically, it is basically a two dimensional problem and can be 
simplified into an one dimensional one if the approach suggested in Chapter 1 is used. 
On the other hand, the current practice has implicitly borrowed the classification criteria 
of USCS for CPT soil classifications, which has caused the overlaps in the resulting 
charts. Although such an uncertainty can be handled by a statistical approach as shown 
in Chapter 4, the results still can not make people feel totally comfortable. The problem 
is that the uncertainty of soil composition has been emphasized in these CPT soil 
classifications. This situation can be changed if the basic philosophy, not just the 
classification criteria, are borrowed from compositional soil classifications. Similar to 
a compositional soil classification, what are emphasized or relied on in a CPT soil 
classification should be certain.
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A tentative CPT fuzzy soil classification is then suggested under all the above 
considerations. This new system basically consists of three types of soils with their 
fuzzy membership functions. These soil types are High Probability Clayey Soils (HPC), 
High Probability Mixed Soils (HPM), and High Probability Sandy Soils (HPS). The 
uncertainty of randomness discussed in Chapter 3 has been put into the connotation of 
the concepts of these new soil types. The resulting fuzziness is then described by the 
fuzzy membership functions, as shown in Equation (5.10), (5.11), (6.12), and Figure 5.8. 
These functions have included some up-to-date experience to determine fuzzy 
membership functions. They have empirically been decided by modifying the density 
functions of the corresponding compositional soil groups.
This new classification has several characteristics and properties very useful although 
its format is quite simple. First, it is a real soil classification of behavior type. Not only 
is its classification index based upon the measurements of soil behaviors but its 
classification criteria are also really independent. Then, this classification explicitly 
declares its relation with the compositional one. Its soil types correspond to the relevant 
compositional soil types with high probabilities but not one hundred percent (100%). 
Also, its soil types include an empirical summarization of current knowledge about soil 
behaviors. Furthermore, the classification has separated description from simplification 
and other decision makings. It tries to present the soil situation in-situ as real as it is 
and decision makings can later be implemented by conditional truncations. Finally, this 
classification can serve our general communication purposes.
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Last in this chapter, a new package of C PT soil engineering classification based upon 
the cone tip resistance qc and friction ratio FR is suggested and discussed as a summary 
of the all analysis results obtained in this research. An important characteristic of this 
new package is that the classification procedures exactly follows the technique route 
taken in this research. Therefore, they have fully been explained and hopefully no 
ambiguity will occur.
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CHAPTER 6 
DISCUSSION AND SUMMARY
The identification and classification of in-situ soil types are two aspects of a basic 
problem that an in-situ test usually needs to solve. This is true in the case of cone 
penetration technology. With the rapidly increasing usage of this technology in 
engineering practice, a demand for a new approach to classify soils based upon the 
results of in-situ cone (or piezocone) tests has occurred. This is because no soil samples 
are available in such kind of tests therefore the conventional soil classification procedure 
is not applicable. As a result, many soil classification charts based upon cone (or 
piezocone) testing data have been suggested and improved substantially.
However, there is an uncertainty in these soil classification charts. Soil types predicted 
by these charts sometimes do not match the real in-situ soil situation well. The 
following reasons have been found to be responsible for this phenomenon:
The nature of soils is random;
The correct usage of USCS is based upon expertise which varies individually. 
Therefore, if boring data from different sources are used to develop a CPT or 
PCPT soil classification, it will be possible to have some disparity on the 
classification results;
Relations between compositional parameters and behavior measurements of soils 
are statistical or variational in nature;
169
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The test procedures in cone penetration technology are much more complicated 
than conventional laboratory soil classification index tests;
Data from cone penetration are influenced by test equipments and procedures, 
soil compositions, and environments;
The interpretation of data from cone penetration is mainly based on an empirical 
approach.
In order to perform a systematic research of this uncertainty problem, some preparative 
tasks have to be done in advance. These include finding an efficient soil classification 
index and a proper procedure for in-situ soil stratigraphy. These two issues are 
important since their results consist of the fundamental in a CPT or PCPT soil 
classification. An efficient soil classification index instead of a current two dimensional 
chart format of a CPT soil classification will well preserve the advantage of 
continuously describing in-situ soil conditions. Such an index can also greatly reduce 
the difficulty and complexity of a possible theoretic analysis. Similarly, a proper 
procedure for in-situ soil stratigraphy will pave the way to find out the representative 
correlations between soil composition and soil behavior due to cone or piezocone 
penetration.
It has been observed that there are two tendencies in most existing CPT or PCPT soil 
classification charts, where soil type changes in one direction and in-situ soil state 
changes in another. As the results of the research work presented in Chapter 1,
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two-dimensional soil classification charts can be simplified into one-dimensional soil 
classification systems by a linear conformal mapping. This conformal mapping is 
composed of Equation (1.3) and (1.4). Accordingly, Douglas et al's chart (1981), Olsen 
et al’s chart (1988), and P. K. Robertson's charts (1990), as shown in Figure 1.1, 1.2, 
and 1.3, have been transformed into their corresponding U — V planes as shown in 
Figure 1.6, 1.8, 1.10, 1.12. The specific formulas for them are Equation (1.6), (1.7), 
(1.8), (1.9), (1.10), (1.11), (1.12), (1.13), (1.14), and (1.15). Based upon these 
transformations, the corresponding one-dimensional soil classification systems can be 
established through the soil classification index, U, and the new systems are at least 
equivalent to the original ones.
It is clear that the generality of this simplifiability on current cone or piezocone soil 
classification charts reflects an important fact. Cone tip resistance qc, friction ratio FR, 
and pore water pressure u are not fundamental parameters for soil classification even if 
they are normalized with respect to some factors. Therefore, reorganizing these 
parameters to obtain a primary indicator of soil types should be an essential step to 
develop an efficient C PT soil classification system. This can be implemented by the 
conform mapping exhibited in Chapter 1. One benefit of this reorganization is that the 
advantage of continuous description of site condition in raw cone data is well preserved 
in the analysis results of site stratigraphy, as shown in Figure 1.13 and 1.14. 
Consequently, the efficiency of expressing the interpretation of cone data is greatly 
improved. Also the dimension of resulting new classifications is reduced to one. This
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left parameter is the soil classification index, U, determined by Equation (1.3). 
Therefore, subsequent analyses on CPT testing data concerning soil classification will 
mainly be based upon the profiles of soil classification index, U.
Concerning the in-situ soil stratigraphy, it is known that in the traditional site 
investigation, the identification of soil layers should be done first and the classification 
of soil types are next due to the characteristics of boring technique. Unfortunately, this 
pattern has little change in the interpretation of cone testing data for site investigation 
due to the characteristics of cone penetration. These characteristics have made the 
concept of soil behavior unit imperative in a CPT soil classification process. Such a 
concept has in fact reflected the average responses of soils to cone penetration over a 
layer and can be implemented with the help of a moving window approach. In this new 
approach, a statistic profile of Intraclass Correlation Coefficient (ICC), pi, can be 
obtained, as shown in Figure 2.1. This coefficient is defined by Equation (2.8) and 
calculated by Equation (2.10). As a result, a set of soil layers over a U profile can be 
determined accordingly and the corresponding average U values are obtained. Each soil 
layer therefore will have a property of statistical homogeneity. In such a way, soil 
behavior units for those soil profiles can be decided objectively and their corresponding 
soil types can be determined by the related boring data given. This process of data 
manipulation is called the preliminary data reduction and its product is a set of soil 
behavior units with corresponding soil type information, which will pave the way for 
establishing the correlation between soil behaviors and soil types.
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The preliminary data reduction is accomplished over the C PT in-situ data from eight (8) 
testing sites, as shown in Table 3.1. Some empirical correlations between soil types and 
soil behavior units are obtained accordingly, as demonstrated in Figure 3.5,3.7, and 3.8. 
The results also confirm the uncertainty discussed at beginning of this dissertation. They 
indicate that in general, different soil types have different in-situ behaviors but they 
sometimes can have similar ones. Current C PT  soil classifications try to make use of 
the first fact but the second one has caused the overlaps in their charts. If the 
simplification procedure and the concept of soil behavior unit suggested in this 
dissertation are adopted, these overlaps will in general be independent on the depths and 
thicknesses of soil layers, as shown in Figure 3.1 and 3.2. Consequently, no corrections 
based upon them can reduce the uncertainty in these charts.
It is obviously not enough to only know the existence of the uncertainty. The 
knowledge of the probabilities with which the overlaps will occur is more important. 
Therefore, some statistical models are suggested in order to find out some ways to 
determine these probabilities. Actually, two methods of predicting soil types: Region 
Estimation and Point Estimation, as shown in Table 4 .2 ,4 .4 ,4 .5 , Figure 4.16,4.17,4.18, 
4.19, 4.20,4.21, 4.22, and 4.23, are developed to quantitatively describe these overlaps 
among different soil types in a CPT soil classification. All the results are based upon 
the normal distribution assumption of soil behavior unit, U, of seven (7) types of soils. 
The validation of the assumption is checked by Chi-square test and Kolmogorov- 
Smimov one-sample test. The results of those tests indicate that this assumption is valid
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with a high confidence for most soil types except for soil type CH and SM. It is not 
clear right now why CH and SM samples do not follow a normal distribution well. 
More CPT data are needed to examine and explain this phenomenon and to verify and 
validate the distributions of soil classification index, U, for other soil types.
Region Estimation is generally similar to conventional soil classifications to classify 
soils. The predicted soil type depends upon the region a soil sample falls in. The 
difference is that in the new method, each region will correspond not to just one type 
of soil but several ones with different possibilities. It appears that the new method will 
make the soil classification complicated, but it is real life. The basic philosophy of the 
method is to try to keep and present the original information on soil types as it is and 
let users make their decision of simplification.
The problem for Region Estimation is that different points in each region are supposed 
to have exactly the same statistical property so that they are treated in exactly the same 
way. Unfortunately, this assumption is not true in most cases since different points in 
a region will have different probabilities to belong to (receive) different types of soils. 
This problem can be solved by Point Estimation which classifies soils directly by 
probability. In this method, every point along the U axis is treated differently. The 
basic question this new approach intends to answer is: given a specific value of soil in- 
situ behavior unit, U, what are the probabilities with which the corresponding soil 
sample belongs to different types of soils? The whole method is based upon a
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probabilistic model of two dimensions, one of which is the continuous random variable 
of soil classification index, U, representing soil in-situ behavior units. The other is a 
discrete random variable representing soil types. Therefore, if a CPT soil behavior unit, 
U, is given, both Region and Point Estimation can be performed accordingly.
Apart from the uncertainty of randomness discussed previously due to the lack of the 
law of causation, soil classification also has another kind of uncertainty called fuzziness. 
This uncertainty is associated with the lack of the law of exclude middle. It is inherent 
in soil classification because of some specific characteristics of the problem. These 
characteristics include the comprehensive nature of the concepts of soil types and the 
law of quantity change to quality change concerning soil composition and properties. 
This fuzziness has to be treated properly in order to avoid possible confusion. 
Unfortunately, current classic classification methodology lacks the capability to handle 
this kind of uncertainty. This situation, however, can be lessened by personal 
judgements of well trained and experienced engineers, but even for them, the 
inconvenience caused by the fuzziness still exists. In an attempt to solve this problem, 
Chapter 5 has explored the possibility and necessity to use the fuzzy subset theory. It 
is concluded that the fuzzy subset theory is an ideal tool to deal with the uncertainty of 
fuzziness in soil classification problem. The resulting fuzzy soil classification will have 
many advantages over traditional ones. Therefore, the new technique should be used 
when a CPT soil classification is developed.
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A CPT soil classification also has its own characteristics. Specifically, it is basically 
a two dimensional problem and can be simplified into an one dimensional one if the 
approach suggested in Chapter 1 is used. On the other hand, current practice has 
implicitly borrowed the soil classification criteria of USCS for CPT soil classifications, 
which has caused the overlaps in the resulting charts. Although such an uncertainty can 
be handled by a statistical approach as shown in Chapter 4, the results still can not make 
people feel totally comfortable. The problem is that the technique approach adopted so 
far has actually put an emphasis on the uncertainty: soil composition.
The situation can be changed if the basic philosophy, not just the classification criteria, 
are borrowed from the compositional soil classifications. Just like what was done in a 
compositonal soil classification, the certainty of soil behavior and other useful 
information should be emphasized in a CPT soil classification. A tentative C PT fuzzy 
soil classification is then suggested under all the above considerations. This new system 
basically consists of three types of soils with their fuzzy membership functions. These 
soil types are High Probability Clayey Soils (HPC), High Probability Mixed Soils 
(HPM), and High Probability Sandy Soils (HPS). The uncertainty of randomness 
discussed in Chapter 3 has been put into the connotation of the concepts of these new 
soil types. The resulting fuzziness is then described by the fuzzy membership functions, 
as shown in Equation (5.10), (5.11), (6.12), and Figure 5.8. These functions have 
included some up-to-date experience to determine fuzzy membership functions and are
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empirically decided by modifying the density functions of the corresponding 
compositional soil groups.
This new classification has several characteristics and properties very useful although 
its format is quite simple. First, it is a real soil classification of behavior type. Not only 
is its classification index based upon the measurements of soil behaviors but its 
classification criteria are also really independent. Then, this classification explicitly 
declares its relation with the compositional one. Its soil types correspond to the relevant 
compositional soil types with high probabilities but not one hundred percent (100%). 
Also, its soil types include an empirical summarization of current knowledge about soil 
behaviors. Furthermore, the classification has separated description from simplification 
and other decision makings. It tries to present the soil situation in-situ as real as it is 
and decision makings can later be implemented by conditional truncations. Finally, this 
classification can serve our general communication purposes.
Finally at the end of Chapter 5, a new package of CPT soil engineering classification 
based upon the cone tip resistance qc and friction ratio FR is suggested and discussed 
as a summary of the all analysis results obtained in this research. This new 
classification package consists of following procedures:
1). Transform a C PT  sounding profile of parameter qc and FR by using Equation 
(2.1), (2.2), and (2.3) to get a corresponding profile of soil classification index, 
U;
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2). Layer the index U profile by the ICC moving window method and then calculate 
the mean of U values for each layer to determine the soil behavior unit;
3). Predict the soil type of each layer by matching the soil behavior unit, U, of that 
layer with some classification criteria.
Soil classification criteria, as one important result of this research, can be obtained from 
Table 4 .2 ,4 .4 ,4 .5 , and Figure 3 .7 ,3 .8 ,4 .16 ,4 .17 ,4 .18 ,4 .19 ,4 .20 ,4 .21 ,4 .22 ,4 .23 , and
5.8. These criteria are the indicators of an evolution process from the purely empirical 
to the purely theoretical. Users will have the choice of which one to use. Also, if 
required, some other criteria from different considerations of soil classification can be 
merged with the ones suggested in this dissertation later. An important characteristic 
of this new package is that the classification procedures exactly follows the technique 
route taken in this research. Therefore, they have fully been explained and hopefully 
no ambiguity will occur.
Concerning the further research effort on the soil engineering classification of cone 
penetration technology, it is clear that more reliable cone testing data are needed to 
verify and validate the density functions of the soil classification index U (soil behavior 
unit) for each type of soil obtained in this research. If this is accomplished, the 
suggested procedures to predict soil types in this dissertation will have a more sound 
foundation to be used in engineering practice. Also, the basic philosophy and technical 
approaches adopted in this research can be used to develop a PC PT soil classification
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package although some modification might be necessary. Most importantly, in order to 
make mature the fuzzy C PT soil classification suggested in this dissertation, more 
experts' expertise should be collected and used.
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CONCLUSIONS
A systematic investigation on C PT soil engineering classification has been accomplished 
and following conclusions are available:
1). There are two types of uncertainties, randomness and fuzziness, in a C PT soil 
engineering classification.
2). Several reasons can be found for the uncertainty of randomness in a C PT soil 
engineering classifications. They are:
The nature of soils is random;
The correct usage of USCS is based upon expertise which varies 
individually. Therefore, if boring data from different sources are used to 
develop a CPT soil engineering classification, it will be possible to have 
some disparity on the classification results;
Relations between compositional parameters and behavior measurements 
of soils are statistical or variational in nature;
The test procedures in cone penetration technology are much more 
complicated than conventional laboratory soil classification index tests; 
Data from cone penetration are influenced by test equipments and 
procedures, soil compositions, and environments;
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The interpretation of data from cone penetration is mainly based on an 
empirical approach.
3). The fuzziness in a C PT soil engineering classification is mainly due to the
comprehensive nature of the concepts of soil types and the quantity change of
soil composition and properties to quality change of soils.
4). The suggested conformal mapping is useful and the soil classification index, U,
obtained from this mapping can be adopted as an indicator of soil types in a
statistical sense.
5). The "in-situ soil behavior unit" is a necessary concept based upon which layering 
soil profiles and predicting soil types can be properly integrated together.
6). The suggested ICC moving window method is a proper technique to objectively 
obtain statistically homogeneous layers.
7). One of the necessary conditions to eliminate the obstacle of the uncertainty of 
randomness from a CPT soil engineering classification is to adopt independent 
soil classification criteria.
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8). The fuzzy CPT soil engineering classification suggested is an ideal system to 
solve all the problems met in a CPT soil engineering classification.
9). A new package of C PT soil engineering classification is suggested and this 
package consists of three procedures, i.e., transforming, layering, and classifying. 
All the procedures together organically comprise the whole new soil 
classification.
10). Several sets of C PT  soil engineering classification criteria are recommended 
from this investigation. They are the indicators of an evolution process from the 
purely empirical to the purely theoretical.
11). More CPT and related boring data with good quality are needed to improve the 
reliability of the new package of CPT soil engineering classification suggested.
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APPENDIX A
BASIC FORMULAS FOR A CONFORM AL  
TRANSFORMATION
Given:
zi = xi + Yi1’ z, = x2 + y2i, Zj = x3 - y3i;
w, = u, + Vji, w2 = u2 + v2i, w3 = u3 + v3i.
w = f { z )  = u{x,y)  + i v { x , y ) , z  = x  + i y  ( A . l )
W  ~  W 1  W 2 ~  W 2  _  Z ~  Z 1 Z 2 ~  Z 3
W ~  W 3 W 2 ~  W 1  Z ~  Z 3 Z 2 ~  Z 1
Find u(x,y) and v(x,y) in Equation (A.1).
In Equation (A.2), assume
Z 2 ~ Z 3 W2  W 1
Z2 ~ Z1 W2 ~ W--
We get
w -  wx _ z  -
w - w3 z  -  z ^
Therefore
z  -  z 3
188
( A . 2 )
5  =  i-  i  = s ,  + s 2i  (A.  3)rz — rr r.r — r.r
S ( A . 4)
z  ~zw -  w1 = --------   S {w -  w3) ( A . 5)
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or
z  -  z . . z  -  z.
w ( l  -   i  • S) = w.  -  ------------------  • S * w3
z  -  z 3 1 z  -  z 3
After some simplification, the w will be
z  (w2 -  Sw2) + z xSw2 -  wz3w =
2 ( 1  -  S) + z 1 S - z 3
Assume
A = -  SWj = a1 + a2i
B = z 1Sw3 -  w1z 3 = jbj_ + b2i
C = 1 -  S = c x + c 2i
£> = z 1S -  z 3 = dx + d2i  
Plug them back into Equation (A.7), the w can be written as
(x + y i )  ( a x +a2i )  + 2?! +b2i
or
a±x -  a2y  + £>.,+ i  (a2x  + a ^  +£2) 
c 3x  -  c2y  +d1 + i  (c2x  + cxy  + d j
( A . 6 )
(A .7 )
( A . 8 ) 
( A . 9) 
( A . 10) 
( A . 11)
( A . 12) 
( A - 13)
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By some derivation, we get
That is
{ a ,x  -a2y  + r i j  ( c xx  -  c2y  + dx)
W =   — +
(C iX -c2y + d ^ )2 + (c2x  + cxY + d j
+ (a 2x  +axy  + -b2) (c 2x  + c xy  + cL,) + 
( C iX - ^ y + d i ) 2 + (c 2x  + c x y  + cL,)
+ i  ( c xx  - c 2y  + d ,) ( a 2x  + axy  + bz) 
{c1x - c 2y+d1) 2 + {c2x  + c x y  + d j)
_ i  (c2x  -K ^y + c^) (a xx  -  a 2y  + jbx) 
( q x - c ^ y + d j 2 + (c 2x  + c x y  + dj)
u
( a xx  - a2y  + bj ) ( c xx  -  c 2y  + d x )
{ CjX -  c2y  + dx ) 2 + { c2x  + cxy  + d̂  ) 2
( a 2x  + a xy  + b 2 ) ( c 2x  + c xy  + )
( CjX -  c 2y  + d1 ) 2 + ( c 2x  + c xy  + ci, ) :
( A .14)
(A .15)
v  = ( c xx  -  c2y  + d1 ) ( a2x  + a xy  + b 2 )
( cxx  -  c2y  + dx ) 2 + ( c2x  + cxy  + cl, )
( a xx  -  a2y  + bx ) ( c 2x  + c xy  + ) ig
( CjX -  c2y  + d x ) 2 + ( c 2x  + c xy  + ri, ) 2
These two formulas are the basic ones for the conformal transformation we are trying 
to find out. Their coefficients can be determined as follows.
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According to Equation (A.3) and (A.8), the complex number A = a, + a^ will be
a ± + a2i  = ux + vxi  -  { s1 +s2i )  (u3 + v3 i )
= ur -  s x u2 + s 2v 3 + i  (v3 -  s 1 v3 -  s 2 u3) (A. 17)
Therefore, a, and 2̂  will be
2 1 = U1 _S1U3 + S2V3 (A. 18)
a 2 = v x -  s 3v3 -  s 2 u3 (A. 19)
Similarly, from Equation (A.9),
B = -  {ux + v 1 i )  U 3 + y 3 i )  + (u3 + v3 i )  ( jq  + y 1i )  { s 1 + s 2i )
= Vly 3 -  uxx 2 + u2 {x1s 1 -  y xs 2) -  v 2 ( x x s 2 + y 1s 1) +
+ i  + y ^ )  + v3 (x1s 1 -  y xs 2) -  (v 3x 3 + uxy 3) )
( A . 20)
Thus, bl and b2 are 
b i = v iVz -  U1 X 2 + ^ 2 ( x 1s 1 -  y 1s 2) -  v 3 {x1s 2 + y 1s 1)
( A . 21)
b 2 = u2 { x 1s 2 + y j S i )  + -yxS i)  -  ( v xx 2 + uxy 3)
( A . 22)
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In a same way, from Equation (A. 10), Cj and c2 are
Cx = 1 -  S x  (A. 23)
C2 = - S2 ( A . 24)
Since, from Equation (A. 11),
D = - x 3 -  y 3 i  + ( x T + y xi )  ( s 3 + s 2 i )
= x 1s 1 -  y 1s 2 - x 3 + i  ( s ^  + x 2s 2 -  y 3) ( A . 25)
Consequently,
dj_ = x ^  -  y 3s 2 -  x 3 ( A . 26)
d> = + x1s 2 -  y 3 ( A . 27)
Equation (A. 18), (A. 19), (A.21), (A.22), (A.23), (A.24), (A.26), and (A.27) are the 
formulas to calculate the coefficients in Equation (A. 15) and (A.16). Suppose the 
following values of z and w are taken,
= 0.63 + i, Z2 = 1.34, Z3 = 3 - 0.73 i
W! = -5, w, = 0, w3 = 5
According to Equation (A.3),
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S  = 1 - 3 4  -  3 + 0 . 7 3  i  5 = 1 . 6 6  -  0 . 7 3 i
1 . 3 4  -  0 . 6 3  -  -  - 5  0 . 7 1  -  i
= ( 1 . 6 6  -  0 . 7 3  i )  ( 0 . 7 1  + i )  = 1 . 9 0 8 6  + 1 . 1 4 1 7  i  
0 . 7 1 2 + l 2 1 . 5 0 4 1  1 . 5 0 4 1
Therefore, from Equation (A. 18) and (A. 19),
_ _ c c 1 . 9 0 8 6  _
1 " " T 7 5 0 4 1  - - 1 1 ' 3446
a2 = - 0 . 7 5 9 0  • 5 * - 3 . 7 9 5 3  
and from Equation (A.21) and (A.22),
jbj_ = 5 • 3 + 5 ( 0 . 6 3  • 1 . 2 6 8 9  -  1 • 0 . 7 5 9 0 )  = 1 5 . 2 0 1 9
b2 = 5 ( 0 . 6 3  • 0 . 7 5 9 0  + 1 • 1 . 2 6 8 9 )  + 5 ( - 0 . 7 3 )  = 5 . 0 8 5
Also, from Equation (A.23) and (A.24),
Cj = 1 -  1 . 2 6 8 9  = - 0 . 2 6 8 9
C2 = -  S2 = - 0 . 7 5 9 0  
Finally, based upon Equation (A.26) and (A.27),
dx = 0 . 6 3  • 1 . 2 6 8 9  -  1 • 0 . 7 5 9 0  -  3 = - 2 . 9 5 9 6
d,  = 1 . 2 6 8 9  • 1 + 0 . 6 3  • 0 . 7 5 9 0  + 0 . 7 3  = 2 . 4 7 7 1
These are the coefficients of Equation (A. 15) and (A. 16) under the given conditions.
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APPENDIX B
ANOTHER FORMULA FOR THE BETWEEN CLASS 
VARIANCE Yb2
According to the definitions, we have
Oyj - I*)2 * U i  -  l»)2] (B-D
i* -  E  <v i *  z i> (B- 2)
2=1
here, the y; and z, are the sample readings on each side of the middle line in a moving 
window, separately. The p can also be written as,
» - ■ &  - i f * * * )  ( b - 2 >
Since
£  ( 7 i  -  ^ ) 2 +  £  U i  -  i i ) 2 =  
2=1 2=1
n
T  (y I  -  2 \iyi + p 2 + z j  - 2\iZi + p 2) 
2=1
194
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n n
£  ( y f  + z b  "  2 1 * £  (Yi  + z<) + 2 Z2j i2
2 <L 2 = 1
£  ( y f  + * 1 )  -  ( i* i + i*2^ < - |  £  y i  + ^ £ z i )  + - f  ( 1*1 + i*2)
1^1 n i = l  2=1 Z
£  ( y f  + z b  -  « ( j i i  + n 2 ) 2 + |  ( n x + n 2 ) : 
2=1
12
£  ( y f  + z b  -  f  ( i* i + i*2 ) :
2=1  ^
Z2 J2
£  y \  -  222nf + J2| i |  + £  z \  -  2 n &  + 
2=1 2=1
+ n\s.\ + ii\l\ + J2i i | -  -2 (jx1 + | i2) 2
n n n n n n
£  y l  -  2f * i £  y i + £  i * i + £  Z1 - 2i*2£  zi + £  ^  
1=1 2=1 2=1 2=1 2=1 2=1
+ 22JX? + n\il -  -2 + ^ 2) 2
= £  ( y i  -  l * i ) 2 + £  ( z i  -  1*2 ) 2 + f  1*1 + § 1*2 -  -ni*il*2 
2=1 2=1 Z *
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n n
[ - ^ ■ E  (Yi -  H i ) 2  *  ^ r r i :  ( * i  -  i * 2 > 2 > I ” - 1 * + 1 ^ 1  - 1 * 2 )
n ~ 1 l = l  n  1 1 = 1
=  ( 1 2  -  1 )  ( d  +  o | )  +  - |  ( d  -  d ) 2
Therefore, we have
2 ^ T  ( ° *  *  0 * ) *  2T 2 J  -  1 )  1 |2* ~  f e ) 2  ( B ' 4 )
y2 _ Z2 1 / „2 j
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APPENDIX C 
FORMULA TO CALCULATE THE BOUNDARY VALUES 
AMONG DIFFERENT SOIL CLASSIFICATION REGIONS
Given
1 ) ^i+i ( ) ( C . l )
Find
_ * \LjOi+1 (C.  2)
here, p; and are the mean and standard deviation of the normal density function of F; 
and and a*] are the mean and standard deviation of the normal density function of 
F^j, separately.
According to the definition of F(U), Equation (C.l) can be written as
1 ~ du = du ( C‘ 3)
or
f  f i { u ) d u = [ ai,i'1f i+1{u) du  (C.  4)
i J —
Here, f^u) and f ^ u )  are the density functions assumed with a normal form. Their 
means and standard deviations are p,, a, and p*.,, separately. Therefore, Equation 
(C.4) can be rewritten as
197
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-J Q ( u ) d u = f " <D(u)du  ( c *5)
in which O(U) is the density of standardized normal distribution.
Since
- f ° $ ( u ) d u  = f°  <D (u) du = (C.  6)
Jos J  - •  2
Equation (C.5) can be simplified as
Uj.l-l Vl.!* 1
-J* 4 > ( u ) d u  = J o °1*1 <&(u)du ( c *7 )
Also, due to O(u) = O(-u), the left side (L.S.) of Equation (C.5) can be simplified as
L.S. = - f  0i 4 > ( u ) d u = f  ® ( - u ) d ( - u )
Jo Jo
= f 0i <t >( v ) dv=f  <£> (u) du (c - 8>
Jo Jo
Substitute this result into Equation (C.7), we get
f 0i $  (u) du = f  °'*1 <1>(u)du ( c *9 )
Jo Jo
It is obvious that Equation (C.9) exists only if
”  ^ i , i  + 1 _ ^i,i*l  ^i+1 ( C . 10)
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or
+ = (°i+i + Oi) Vi,i+i ( C . l l )
Therefore, we have Equation (C.2).
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